
TEN: Table Explicitization, Neurosymbolically

Anonymous ACL submission

Abstract001

We present TEN, a neurosymbolic approach002
for extracting tabular data from semistructured003
text such as copy-pasted content from PDFs,004
emails, or OCR-flattened outputs. This task005
poses real-world challenges in domains like fi-006
nance and healthcare, where manual copy-paste007
into spreadsheets introduces errors and OCR008
distortions compromise data integrity, leading009
to financial losses and flawed decisions. Purely010
neural methods suffer from hallucinations and011
structural inconsistencies, hindering deploy-012
ment robustness. TEN addresses this via a013
novel triadic feedback loop that iteratively re-014
fines table hypotheses to enforce constraints015
and achieve verifiable convergence. Experi-016
ments show TEN outperforms neural baselines017
in exact match accuracy and lower hallucina-018
tion rates. A 21-participant user study rates019
TEN’s tables more accurate and preferred in020
over 60% of pairwise comparisons, though ver-021
ification and correction effort did not differ sig-022
nificantly between conditions.023

1 Introduction024

Knowledge workers devote significant time to025

manually transferring tabular data from semi-026

structured documents into spreadsheets for analysis027

and record-keeping. This process is error-prone028

and costly: manual entry error rates range from 1%029

to 5% in typical workflows, rising to 50% for com-030

plex data processing (Barchard and Pace, 2011). In031

clinical settings, transcription errors span 2.3% to032

26.9% (Mathes et al., 2017). These errors cascade033

into financial losses, regulatory risks, and flawed034

decision-making (Crisanto et al., 2024; Taeihagh,035

2025), creating demand for reliable automation in036

high-stakes domains like finance and healthcare.037

Existing approaches fall short on delimiter-free,038

unstructured text inputs common in enterprise039

workflows. Layout-based extraction tools such040

as Tesseract (Smith, 2007) and Tabula (Aristáran041

et al., 2018) rely on visual metadata (bounding042

Friday Night

Dugout Box (Behind card's dugout)
Section 143 Row 2 Seat 5-8 $149ea mlb/hub
https://www.ticketmaster.com

Redbird Club (good views, dedicated bathrooms &
concessions)
Section 249 Row 1 Seat 1-10 (aisle) - $58ea mlb/hub
https://www.ticketmaster.com

Mariners Dugout
Section 150 (should look straight in) Row 1
Seat 5-8 (aisle) - $150ea mlb

Cardinals Club
Section 7 Row 1 Seat 1-4 (aisle) - $189ea stubhub
https://www.ticketmaster.com

Input text containing seating description

Table predicted by LLM Run #1

Table predicted by LLM Run #2

Figure 1: Comparison of two LLM runs on the identical
input. Color coding highlights differing interpretations.

boxes, whitespace delimiters, preserved format- 043

ting) and fail when documents are copy-pasted, 044

OCR-flattened, or otherwise linearized into plain 045

text. Large language models (LLMs) offer greater 046

flexibility, demonstrating strong capabilities in nat- 047

ural language understanding and text-to-table con- 048

version (Deng et al., 2024; Andrejczuk et al., 2022). 049

However, purely neural methods suffer from non- 050

determinism and an absence of enforceable struc- 051

tural constraints. Figure 1 shows two runs on iden- 052

tical seating chart data producing divergent table 053
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structures (seven vs. five columns), inconsistent054

labels (“Category” vs. “Section”), and content trun-055

cations (“good views...”). This inconsistency de-056

mands extensive manual verification and correction057

in deployment scenarios. Symbolic methods pro-058

vide interpretability, but their rigidity makes them059

brittle to irregular delimiters, inconsistent spacing,060

or nested structures. Thus, a key gap persists: cur-061

rent methods lack a hybrid approach that merges062

neural adaptability with symbolic constraints to063

prevent hallucinations, and structural errors.064

We introduce TEN, an iterative neurosymbolic065

framework that bridges this gap through verifiable066

refinement. TEN operates in a triadic feedback067

loop: (1) an LLM generator produces initial table068

hypotheses, (2) a deterministic symbolic checker069

detects violations, and (3) a critique-LLM trans-070

lates checker feedback into natural language re-071

finements. This triadic architecture differs from072

prior two-stage feedback systems, where a gener-073

ator and critic exchange direct natural-language074

feedback. In contrast, TEN inserts an intermediate075

deterministic symbolic validation layer that out-076

puts constraint-grounded violation signals, which077

a critique-LLM then translates into contextualized078

refinements for the generator. This design keeps079

feedback formally verifiable while remaining task-080

adaptive, helping to reduce common issues such as081

over-correction, hallucinated critiques, and subjec-082

tive termination. Also, the symbolic layer supports083

deterministic convergence as iteration stops only084

when all constraints are fully satisfied.085

Our contributions are threefold: (1) We present086

TEN, a novel neurosymbolic framework that en-087

ables verifiable and reliable table extraction from088

delimiter-free, semistructured text by combining089

neural flexibility with symbolic enforceability,090

overcoming core limitations of prior neural-only091

and symbolic-only methods. (2) We show that092

Structural Decomposition prompting outperforms093

standard COT and naive extraction baselines for ini-094

tial table hypotheses, and that our symbolic-guided095

critique refinement targets corrections more effec-096

tively than LLM-only or symbolic-only strategies.097

(3) We show through empirical evaluation that TEN-098

generated tables achieve statistically significant im-099

provements in accuracy ratings (5.0 vs. 4.3) and100

are preferred in over 60% of cases for verification101

and correction tasks.102

2 Related Work 103

Table Extraction from Unstructured Sources. 104

Early methods rely on visual layout heuristics 105

and spatial clustering (e.g., Tabula (Aristáran 106

et al., 2018), PDFMiner (Shinyama, 2014), 107

TableNet (Paliwal et al., 2019), LayoutLMv2 (Xu 108

et al., 2021)), supported by datasets like PubTab- 109

Net (Zhong et al., 2019) and TableBank (Li et al., 110

2019). These perform well on formatted documents 111

but fail on linearized, delimiter-free text from copy- 112

paste or OCR flattening. Recent text-based ap- 113

proaches include seq2seq models (Wu et al., 2022), 114

tuple organization (Deng et al., 2024), and neu- 115

rosymbolic systems like Revilio (Singh et al., 2024) 116

(LLM header/sketch + enumerate-and-test). TEN 117

advances this line with an iterative triadic loop: 118

LLM hypothesis generation, symbolic validation 119

for precise violation signals, and critique-driven 120

refinement. Unlike single-pass or enumerate-test 121

methods, this ensures robust, verifiable conver- 122

gence on noisy inputs, enabling reliable production 123

deployment. 124

Table Structure Recovery. Table understand- 125

ing infers headers, entities, alignment, and roles 126

via rule-based cues (Dong et al., 2019) or con- 127

textual models (e.g., TaBERT (Yin et al., 2020), 128

TAPAS (Herzig et al., 2020), TURL (Deng et al., 129

2020)). Recent efforts frame it as sequence label- 130

ing or pointer generation (Khang and Hong, 2025). 131

TEN focuses on noisy, malformed extractions by it- 132

eratively inducing structure: the symbolic checker 133

flags inconsistencies, and the critique-LLM gen- 134

erates coherent fixes. This avoids assumptions of 135

clean inputs and supports incremental refinement 136

on delimiter-free text. 137

Vision-Language Models (VLMs). Recent 138

VLMs like PaliGemma 2 (?) perform well on 139

table extraction from images by leveraging lay- 140

out cues. TEN addresses the complementary text- 141

only regime, e.g., pasted email/chat/web content, 142

privacy-constrained pipelines forbidding image 143

APIs, legacy systems, and screen-reader accessibil- 144

ity, where structure must be inferred purely from 145

tokens and delimiters, without visual information. 146

Iterative Self-Refinement in LLMs. Iter- 147

ative refinement advances LLM performance 148

through self-feedback (Madaan et al., 2023), reflec- 149

tion (Shinn et al., 2023), COT (Wei et al., 2022), 150

TOT (Yao et al., 2023), or external critique (Gou 151

et al., 2024). Methods like LLMRefine (Xu et al., 152

2024) use LLM-generated feedback, while others 153
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Figure 2: Overview of TEN.

integrate symbolic tools. Pure LLM feedback of-154

ten remains generic or biased. TEN adapts this155

paradigm to table extraction from noisy text via a156

triadic loop.157

3 The Table Explicitization Problem158

The goal of table explicitization is to transform159

an unstructured or semi-structured input string T ,160

lacking explicit row/column delimiters, into a reli-161

ably structured format T ′. This is difficult due to162

noisy, irregular formatting from copy-paste, OCR-163

flattened PDFs, emails, and reports, which causes164

traditional parsers to fail. For example, as shown in165

Figure 1, a copied ticket seating description loses166

delimiters and mixes hierarchical attributes (sec-167

tions, pricing, notes, URLs) across irregular lines.168

The explicitized output T ′ recovers the intended169

tabular structure in clean JSON (partial example:)170

{
"Dugout Box": {

"Section": "143",
"Row": "2",
"Seats": "5-8",
"Price": "$149ea",
"Source": "mlb/hub",
"Link": "https://www.ticketmaster.com",
"Notes": "Behind card's dugout"

},{ ... }
}

4 The TEN Approach171

As shown in Figure 2, TEN uses an iterative neu-172

rosymbolic loop: a Table Generator LLM drafts173

via Structural Decomposition, a Symbolic Sanity174

Checker detects precise violations, and a Critique175

LLM applies targeted refinements, enforcing hard176

constraints and converging to high-fidelity tables,177

outperforming one-shot baselines on noisy inputs.178

4.1 Structural Decomposition Prompting179

Structural Decomposition Prompting is a special-180

ized OT technique that instructs the LLM to first181

identify table-like regions in the input, detect natu- 182

ral delimiters and boundaries, and plan row separa- 183

tors before generating any structured output. This 184

two-stage reasoning, segmentation followed by ex- 185

plicit tabular reconstruction, mimics human table 186

parsing and leverages the model’s holistic contex- 187

tual understanding to avoid brittle, hand-crafted 188

layout heuristics. 189

The prompt emphasizes high recall in the initial 190

phase, capturing all plausible tabular content with- 191

out hallucinating new entries. The resulting partial 192

tables are then unified into a single structured rep- 193

resentation. By prioritizing boundary detection and 194

semantic coherence early, this design substantially 195

improves robustness on noisy, delimiter-free text. 196

See Appendix F for an example on PDF-extracted 197

content and Appendix G.1 for the full prompt. 198

4.2 Symbolic Sanity Checker 199

Symbolic sanity checker applies a set of hand- 200

crafted and domain-agnostic symbolic rules to as- 201

sess the quality of a given table. The input to the 202

sanity checker is the predicted table and the input 203

text and it returns table goodness/badness score. 204

Entity Consistency Rules: For each row/col- 205

umn, this rule checks if all data values in that row/- 206

column match a entity regular expression. We use 207

a fixed collection of entities, such as date, time, 208

email, url, and word. 209

Signature-Based Column Analysis: When a 210

column does not contain a predefined entity, we 211

use syntactic features, such as presence or absence 212

of special characters (digits, letters, punctuations) 213

to detect inconsistencies, such as text in a numeric 214

column or unexpected delimiters. 215

Merged Cell Detection: A common and subtle 216

error is the merging of adjacent cells, where column 217

boundaries are lost and values collapse into one 218

cell. Though no data is lost, column alignment is 219

distorted. We detect such cases by flagging cells 220

with multiple numeric tokens (e.g., “102, 205”) or 221

mixed formats (e.g., “Revenue 750”). 222

Delimiter-Induced Errors: Another frequent ta- 223

ble extraction error arises from using the wrong col- 224

umn separator; for example, the number “12,345” 225

splitting into “12” and “345”. Such issues often 226

evade column-wise checks, so we detect them by 227

analyzing adjacent row cells for numeric fragmen- 228

tation patterns. 229

Parenthesis and Bracket Matching: Mis- 230

matched brackets are indicators of corrupted cell 231

content. To catch such anomalies, we scan and 232
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Figure 3: Example of table generation and refinement in
TEN. Initial table has structural inconsistencies. Feedback
loop identifies them and infers a corrected structure, triggering
a refinement step.

flag all cells containing unbalanced opening and233

closing symbols.234

Empty Row Detection: Rows with only whites-235

pace or empty strings are identified and marked, as236

they usually indicate a malformed table region.237

The sanity checker aggregates the findings from238

the above rules into two metrics: goodness score239

is the proportion of cells in the full table that have240

some desirable property, and badness score is the241

maximum proportion of cells in a column that have242

some undesirable property (possible merged cell,243

incorrect delimiter, etc.). The rule violations are244

noted and returned, and subsequently forwarded245

to the critique LLM. In addition to goodness and246

badness scores, the sanity checker also computes247

coverage, and hallucination rate. These scores248

are used to decide if the feedback loop termination.249

4.3 Critique LLM250

While the symbolic checker detects structural is-251

sues (e.g., uneven row lengths and merged cells in252

Figure 3), its reliance on surface patterns can pro-253

duce false positives on valid but atypically format-254

ted tables. Passing unfiltered feedback directly to255

regeneration risks over-correction. To mitigate this,256

we introduce a Critique LLM as a reasoning-aware257

intermediary. It interprets the table and symbolic vi-258

olations, filtering out spurious signals and decides259

whether to accept/refine/disregard feedback.260

This completes one full iteration of TEN’s neu-261

rosymbolic loop: initial generation, symbolic262

checking, contextual critique, and targeted regener-263

ation. The process repeats until the sanity checker264

approves the table or a maximum iteration limit is265

reached. See Appendix A for the algorithm.266

Dataset # Tables # Tokens # Rows # Cols

FinTabNet 1000 111.41 13.54 2.59
PubTabNet 1000 120.3 14.34 4.09
BrokenCSV 1000 128734.3 14871.65 148.65
WikiTables 1000 219.81 16.06 6.2
FinReCon20 20 217.55 52.1 4.7

Table 1: Dataset Statistics.

5 Evaluation 267

Datasets. We evaluate TEN on benchmarks with 268

diverse structural complexity, noise levels, and 269

semantics (Table 1): PubTabNet (Zhong et al., 270

2019) and FinTabNet (Zheng et al., 2020) (using 271

raw OCR text), WikiTables (Bhagavatula et al., 272

2013), BrokenCSV (van den Burg et al., 2019), 273

and FinReCon20, a 20-table set, manually curated 274

from real financial documents for user study. 275

Baselines. We compare against six LLMs: GPT-4, 276

DeepSeek-R1, o3-mini, DeepSeek-V3-0324, 277

Phi-4, and Mistral-Small-2503. We also include 278

two table reconstruction baselines: the neurosym- 279

bolic Tabularis Revilio (Singh et al., 2024) and 280

the symbolic SplitText (Raza and Gulwani, 2017, 281

2020). Narrative-style text-to-table methods (Deng 282

et al., 2024; Wu et al., 2022) are excluded, as their 283

inputs differ from our flattened, noisy text. 284

Evaluation Metrics. We use both structural 285

and semantic metrics: Coverage: fraction of 286

input alphanumeric characters preserved in the 287

output (1 − |U |
|S| ). Hallucination Rate: average 288

fraction of unmatched cell content, cell-wise then 289

row-averaged. Exact Match (EM): binary score 290

for perfect structure and content match to ground 291

truth. Tree Edit Distance (TED): normalized 292

cell-level edit distance (Zhang and Shasha, 1989). 293

Column Match (Col.V.M.): average percentage of 294

exactly matched columns (micro-averaged). Value 295

Match (C.V.M.): average percentage of correctly 296

reconstructed cell values. 297

User Study. We conducted a within-subjects 298

study with 21 active spreadsheet users across 2–4 299

sessions each. Participants viewed a ground-truth 300

table and two predicted tables (from different 301

tools) extracted from its textual form, then partially 302

edited the predictions to match the ground truth 303

(sessions video-recorded). They rated perceived 304

accuracy, verification effort, and correction effort 305

via questionnaire (see Appendices B and E for 306

details and questionnaire). 307

308

4



Method Metric PubTabNet FinTabNet WikiTables BrokenCSV

TEN

TED 0.67 0.47 0.65 0.22
EM 61.60 21.7 36.80 81.6
C.V.M. 71 33 64 81
Col.V.M. 75 29 56 69

Revilio

TED 0.60 0.53 0.59 0.17
EM 52.34 15.65 33.43 60.96
C.V.M. 66 29 59 76
Col.V.M. 60 23 51 63

SplitText

TED 0.55 0.58 – 0.43
EM 26 11 1.1 53.8
C.V.M. 37 22 1 46
Col.V.M. 35 19 8 40

Table 2: TEN (GPT-4o) vs. existing baselines.

6 Results and Analysis309

RQ1: Influence of prompting strategy and model310

choice on performance?311

Structure first “beats reason more”: We com-312

pared Structural Decomposition (SD) prompting313

against baseline (direct table construction) and CoT314

across four datasets and six models. Figure 4 shows315

SD outperforms both by 10-40 EM points and 8-316

15 in ColVM/CVM. CoT yields minor gains over317

baseline. Full results in Appendix C.318

Model Capacity Matters: Larger models excel319

across strategies, but SD narrows the gap, e.g., o3-320

mini gains 6× EM on FinTabNet (2.2% to 14.4%),321

GPT-4 2.4× (8.9% to 21.7%).322

Large tables are difficult: EM drops with more323

rows (Figure 5) and peaks at 6-8 columns before324

declining due to alignment ambiguities. SD and325

larger models mitigate this.326

Dataset Complexity: Based on LLM performance,327

the datasets can be ordered in difficulty level as Bro-328

kenCSV < PubTabNet < WikiTables < FinTabNet.329

We observe that the “easier” datasets have con-330

textual information that make it easier to recover331

structure even when spatial and visual layout infor-332

mation is not present.333

Iterative Feedback Loop Performance: We ob-334

serve the largest gains in EM, CVM and ColVM335

metrics in the first two to three iterations, consistent336

with several past works (Figure 7 in Appendix C).337

Computational Requirements: Processing a table338

with TEN takes 5-15 seconds on average, consum-339

ing approximately 6K-15K tokens depending on340

table complexity. Most tables converge within 2-3341

iterations. At standard API rates, this translates to342

roughly $0.08-0.15 per table.343

Robustness: Statistical tests confirm significance344

(Appendix C).345

RQ2: TEN comparison to baselines.346

Table 2 shows that TEN consistently outperforms 347

Revilio and SplitText on content-fidelity metrics 348

(EM, CVM, ColVM) across all four benchmarks. 349

On PubTabNet, TEN improves EM by +9.26 points 350

over Revilio, with gains of +5 in CVM and +15 in 351

ColVM. On the more difficult FinTabNet, where 352

absolute EM is lower for all methods, TEN still 353

achieves a +6.05-point EM gain along with higher 354

CVM and ColVM. On WikiTables, improvements 355

are smaller but consistent (+3.37 EM, +5 CVM, +5 356

ColVM). The largest gains occur on BrokenCSV, 357

where TEN reaches 81.6 EM (vs. 60.96 for Re- 358

vilio and 53.8 for SplitText), with better CVM and 359

ColVM. On structural alignment (TED), results are 360

mixed. TEN sometimes normalizes header layouts, 361

consolidates multi-row headers, flattens/propagates 362

spans, removes empty scaffold rows/columns, or 363

relocates footnotes and units, preserving all content 364

values while changing the parse tree. These benign 365

normalizations improve content-fidelity metrics but 366

can modestly increase TED, which strictly rewards 367

structural isomorphism and penalizes even harm- 368

less layout differences. TED should therefore be 369

interpreted together with content-fidelity metrics 370

rather than in isolation. 371

RQ3: Is TEN useful in practice? 372

We conducted a user study where participants were 373

given tables generated by two variants of TEN: orig- 374

inal TEN and a slightly weaker version of TEN 375

where we use CoT prompt that we call TENCOT. 376

Figure 6 summarizes participants’ responses to the 377

different questions in the questionnaire provided 378

to them. We found that on the Likert scale (1-7), 379

participants reported that the accuracy of tables 380

generated by TEN was significantly higher than of 381

those generated by TENCOT (Wilcoxon signed- 382

rank test, W = 284.0, p = .02) with a moderate 383

effect size (r = −0.30). Further, in 7 out the 20 384

tables used for the study, all three reviewers inde- 385

pendently rated TEN to be more accurate than TEN- 386

COT, while all participants preferred TENCOT for 387

only 1 table. Despite this difference in responses on 388

the tables’ accuracy, we did not observe any signif- 389

icant differences in participants’ responses on the 390

effort required to verify (W = 260.0, p = .51) or 391

fix (W = 266.0, p = .08) these tables. This might 392

be as while TEN required users to often fix align- 393

ment issues, TENCOT often required users to add 394

missing data, both of which led to increased effort 395

in fixing the replication (details in Appendix C). 396

RQ4: Impact of different components of TEN. 397
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Figure 4: Exact Match (EM) accuracy (darker is better) by prompting strategy and model on four datasets.

Figure 5: EM accuracy vs. table size

Figure 6: Questionnaire responses in user study.

Feedback Metric Wikipedia BrokenCSV PubTabNet FinTabNet

No

Coverage 0.92 0.94 0.93 0.90
Halluc. 0.13 0.17 0.18 0.17
TED 0.71 0.36 0.76 0.50
EM 15.18 60.31 17.16 12.91
C.V.M. 42.31 65.34 54.98 22.96
Col.V.M. 45.49 61.01 48.12 19.26

Symbolic

Coverage 0.94 0.96 0.93 0.91
Halluc. 0.11 0.14 0.15 0.15
TED 0.68 0.30 0.75 0.48
EM 20.36 68.93 21.28 20.34
C.V.M. 55.84 68.56 59.96 25.36
Col.V.M. 57.69 63.35 53.35 21.12

LLM

Coverage 0.94 0.96 0.94 0.92
Halluc. 0.11 0.15 0.11 0.11
TED 0.66 0.31 0.73 0.48
EM 27.93 72.45 22.83 18.69
C.V.M. 59.01 74.93 55.69 29.12
Col.V.M. 54.69 70.89 52.87 24.95

Both

Coverage 0.94 0.97 0.93 0.91
Halluc. 0.11 0.15 0.14 0.15
TED 0.65 0.28 0.67 0.47
EM 36.80 81.6 61.60 21.73
C.V.M. 64.36 81.03 71.54 33.92
Col.V.M. 59.59 69.56 75.69 29.36

Table 3: Ablation Study for Variants of TEN.

To evaluate TEN ’s feedback mechanisms, we ab-398

lated its components and compared four variants399

under identical prompts, and evaluation setup: (i)400

No feedback; (ii) Symbolic feedback only; (iii)401

LLM feedback only; (iv) Both (full TEN). Table 3,402

Symbolic feedback alone consistently improves403

structural and content metrics, with EM gains of404

+5.18 (Wikipedia) and +8.62 (BrokenCSV). LLM405

feedback provides even larger gains on simpler406

or noisier datasets, e.g., +12.75 EM (Wikipedia). 407

However, on complex tables, it is less stable and 408

may underperform Symbolic feedback. The full 409

system, Both, achieves the best performance across 410

all metrics. It offers the highest EM, CVM, lowest 411

TED, and near-saturated coverage (0.90–0.97). In 412

some cases, LLM feedback slightly reduces halluci- 413

nation compared to the full system, but this comes 414

at the cost of structural fidelity. 415

Case Study Examples. In a PubTabNet clinical 416

table (App. H.1), LLM-only feedback hallucinated 417

a column from misaligned headers; NeuroSym- 418

bolic feedback corrected alignment and promoted 419

labels, boosting EM and CVM with minimal TED 420

impact. In another example (App. H.2), LLM- 421

only feedback, flattened hierarchical group head- 422

ers into flat columns (improving readability but 423

raising TED); NeuroSymbolic feedback preserved 424

structure, yielding higher fidelity and lower overall 425

error. 426

7 Conclusion 427

We present TEN, a neurosymbolic framework that 428

recovers high-fidelity tables from noisy, unstruc- 429

tured text via an iterative triadic feedback loop. By 430

enforcing hard symbolic constraints without visual 431

layout or external images, TEN substantially out- 432

performs one-shot and existing text-only baselines 433

across diverse real-world scenarios. 434
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A TEN’s Algorithm 604

Algorithm 1 outlines the main pipeline, which it- 605

eratively generates tables using Structural Decom- 606

position prompting, validates them with symbolic 607

rules, and refines them via critique feedback. The 608

process initializes an empty table, generates an ini- 609

tial structure, and iterates until convergence or a 610

maximum number of iterations is reached, guided 611

by metrics such as coverage and hallucination rate. 612

The SymbolicSanityChecker (Algorithm 2) is a 613

critical component, applying domain-agnostic rules 614

to detect well formedness of a table. It computes 615

metrics (e.g., goodness and badness scores) to in- 616

form refinement, ensuring robust table structures. 617

Detailed prompts for table generation and critique 618

are provided in Appendices G.1, G.3 and G.2, re- 619

spectively. 620

B Evaluation 621

The goal of our evaluation is to assess the effec- 622

tiveness of TEN in producing high-fidelity, struc- 623

turally coherent tables from noisy and unstruc- 624

tured text. Specifically, our evaluation investigates 625

two key objectives. First, we examine whether 626

the integration of symbolic sanity checks and 627

critique-guided regeneration leads to improved ta- 628

ble quality by reducing hallucinations, and correct- 629

ing structural inconsistencies. Second, we compare 630

TEN against symbolic-only pipelines and neural- 631

only(LLM-based) baselines to highlight the advan- 632

tages of combining rule-based structural validation 633

with neural generation in an iterative refinement 634

framework. Third, we conduct a mixed-methods 635

empirical study with spreadsheet users to under- 636

stand the practical usefulness and drawbacks of 637

tables generated by TEN.We aim to answer the fol- 638

lowing research questions: 639

RQ1: To what degree do prompting strategies 640

and model choice influence table-extraction per- 641

formance when evaluated on datasets of escalating 642

complexity? 643

RQ2: How accurately does TEN reconstruct tables 644

compared to existing baselines? 645

RQ3: How useful is TEN at reconstructing tables 646

from real-world financial documents? 647

RQ4: What is the impact of different components 648

of TEN? 649

B.1 Datasets 650

To assess TEN, we chose benchmarks with varied 651

structural complexity, formatting noise, and seman- 652
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Algorithm 1 TEN: Table Explicitization, Neurosymbolically
Require: Unstructured text T , max iterations N , convergence threshold C
Ensure: Structured table T ′

Initialize iteration_count← 0
Initialize table_candidate← ∅ ▷ Empty table structure
Initialize critique_feedback ← ∅ ▷ No feedback for first iteration
repeat

iteration_count← iteration_count+ 1
if iteration_count = 1 then

table_candidate← STRUCTURALDECOMPOSITIONPROMPTING(T ) ▷ Identifies table-like regions, Appendix G.1
else

table_candidate← REFINETABLE(T, table_candidate, critique_feedback) ▷ Refines table based on feedback,
Appendix G.3

end if
validation_results← SYMBOLICSANITYCHECKER(table_candidate, T )
if ISCONVERGED(validation_results, C) then

break
end if
critique_feedback ← CRITIQUELLM(table_[candidate], validation_results, T ) ▷ Generates actionable feedback,

Appendix G.2,
until iteration_count ≥ N
return table_candidate

tic richness, summarized in Table 4.653

PubTabNet: The PubTabNet dataset (Zhong et al.,654

2019) contain tables from open-source scientific655

articles with OCR annotations. We generate bench-656

mark tasks by using the raw OCR output as unstruc-657

tured table text to simulate real-world reconstruc-658

tion challenges.659

FinTabNet: The FinTabNet dataset (Zheng et al.,660

2020) consists of tables extracted from annual re-661

ports of S&P 500 companies. Each table is anno-662

tated with fine-grained cell structure information663

obtained via token alignment between PDF and664

HTML versions of the documents. Similar to Pub-665

TabNet, we use the raw OCR text of each table to666

generate unstructured inputs for our benchmark.667

Wikipedia Tables: WikiTables dataset (Bhagavat-668

ula et al., 2013) comprises structured tables from669

Wikipedia with clear formatting and rich semantic670

content. Despite their structural simplicity, these671

tables often rely heavily on positional context, mak-672

ing them challenging for unstructured text process-673

ing. We convert each table into unstructured OCR-674

style text, following the same procedure used for675

PubTabNet.676

BrokenCSV: The BrokenCSV dataset (van den677

Burg et al., 2019), consists of noisy and irregular678

CSV-formatted tables with inconsistent delimiters,679

and missing entries.680

FinRecon20: While prior benchmarks focus on681

structure extraction from images, our task centers682

on a different challenge: reconstructing structured683

tables from free-form text. To evaluate this, we684

introduce FinReCon20, a curated dataset of 20 ta-685

Dataset # Tasks # Tokens # Rows # Columns

FinTabNet 1000 111.41 13.54 2.59
PubTabNet 1000 120.3 14.34 4.09
BrokenCSV 1000 128734.3 14871.65 148.65
Wikipedia Tables 1000 219.81 16.06 6.2
FinReCon20 20 217.55 52.1 4.7

Table 4: Dataset statistics used in our experiments. We
report the number of tasks, and average number of to-
kens, rows, and columns per table.

bles manually extracted from real-world financial 686

documents, including balance sheets, earnings re- 687

ports, and disclosures. These tables were selected 688

to reflect common copy-paste issues seen in doc- 689

ument workflows, such as inconsistent delimiters, 690

fragmented rows, multi-line cells, and token-level 691

segmentation errors. Dataset details appear in Ta- 692

ble 4. 693

B.2 Baselines 694

We evaluate TEN using six representative language 695

models: GPT-4, DeepSeek-R1, o3-mini, DeepSeek- 696

V3-0324, Phi-4, and Mistral-Small-2503. Each 697

model is tested under three prompting conditions to 698

assess the robustness of TEN structural decomposi- 699

tion prompting. The first condition employs a base- 700

line prompt that simply instructs the model to con- 701

struct a table from unstructured text. The second 702

condition uses Chain-of-Thought(CoT) prompting 703

(Wei et al., 2022), introducing intermediate rea- 704

soning by appending “let’s think step by step” to 705

the instruction. The third condition applies our 706

proposed structural decomposition prompting strat- 707

9



Algorithm 2 SymbolicSanityChecker
procedure SYMBOLICSANITYCHECKER(table_candidate, T )

Initialize violations← ∅, goodness_score← 0, badness_score← 0
Initialize coverage← 0, hallucination_rate← 0
total_cells← COUNTCELLS(table_candidate)
consistent_cells← 0, violating_cells← 0
� Empty Row Detection
for each row r in table_candidate do

if ISEMPTYROW(r) then ▷ Whitespace or empty strings
Add “Empty Row” to violations
violating_cells← violating_cells+ COUNTCELLS(r)

end if
end for
� Entity Consistency and Column Analysis
for each column c in table_candidate do

entity_type← DETECTENTITYTYPE(c)
if MATCHESENTITYTYPE(c, entity_type) then

consistent_cells← consistent_cells+ COUNTCELLS(c)
else

inconsistencies← ANALYZECOLUMNSYNTAX(c)
if inconsistencies ̸= ∅ then

Add “Inconsistent Column” to violations
violating_cells← violating_cells+ COUNTINCONSISTENTCELLS(c)

end if
end if

end for
� Merged Cell, Delimiter, and Bracket Checks

for each cell cell in table_candidate do
if HASMULTIPLEENTITYTOKENS(cell) then

Add “Merged Cell” to violations
violating_cells← violating_cells+ 1

end if
if HASUNBALANCEDBRACKETS(cell) then

Add “Unbalanced Brackets” to violations
violating_cells← violating_cells+ 1

end if
if HASDELIMITERERRORS(cell) then

Add “Delimiter Error” to violations
violating_cells← violating_cells+ 1

end if
end for
� Compute and Return Metrics
coverage← COUNTTOKENSINTABLE(T,table_candidate)

COUNTTOKENS(T )

non_input_tokens← COUNTTOKENSNOTININPUT(T, table_candidate)
total_table_tokens← COUNTTOKENS(table_candidate)

hallucination_rate← non_input_tokens
total_table_tokens

goodness_score← consistent_cells
total_cells

badness_score← violating_cells
total_cells

return {
violations,
coverage,
hallucination_rate,
goodness_score,
badness_score
}

end procedure
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egy, which explicitly segments the task into logical708

subcomponents to guide model behavior.709

In addition to these prompting variants, we com-710

pare against two baselines designed for structured711

table reconstruction. The first is Tabularis Revilio712

(Singh et al., 2024), a neurosymbolic pipeline de-713

veloped to convert flattened tabular text into accu-714

rate table representations. The second baseline is715

SplitText, a method for table reconstruction that716

segments flattened tabular content into columns by717

leveraging linguistic and statistical cues (Raza and718

Gulwani, 2017, 2020).719

While TEN may seem related to prior models720

such as (Deng et al., 2024; Wu et al., 2022), their in-721

put settings and goals differ substantially from ours.722

TEN assumes that the input is a semistructured tex-723

tual representation of some table. In contrast, the724

input for these other systems is a narrative-style725

paragraph description that contains some informa-726

tion that can be extracted as a table. Since the input727

type is different, we do not include these models as728

baselines.729

B.3 Evaluation Metrics730

We adopt both structural and semantic metrics to731

comprehensively evaluate the quality of the gen-732

erated tables. Coverage is defined as the fraction733

of alphanumeric characters from the input that are734

preserved in the output table: Coverage = 1− |U |
|S|735

where |S| is the number of alphanumeric characters736

in the source input, and |U | is the number of uncov-737

ered characters based on string matching. Halluci-738

nation Rate is defined as the average fraction of739

unmatched content across all cells in the generated740

table. For a table with R rows, each containing741

Ci cells, it is computed as: HallucinationRate =742
1
R

∑R
i=1

(
1
Ci

∑Ci
j=1(1− cellCoverageij)

)
, where743

cellCoverageij ∈ [0, 1] denotes the degree to744

which cell(i,j) matches the input source(including745

partial matches). Exact Match(EM) is a binary746

indicator that evaluates to 1 if the predicted ta-747

ble matches the ground-truth table exactly in both748

structure and content, and 0 otherwise. Tree Edit749

Distance (TED) is computed as the normalized750

cell-level edit distance between the predicted and751

ground-truth tables (Zhang and Shasha, 1989). Col-752

umn Match (Col.V.M.) is defined as the average753

percentage of columns that are exactly matched754

between the predicted and reference tables, micro-755

averaged per table and then averaged across all756

tables. Value Match (C.V.M.) reports the aver-757

age percentage of individual cell values that are 758

correctly reconstructed across all tables. 759

B.4 User Study 760

We conducted a within-subject empirical study 761

with 21 spreadsheet users in which each partici- 762

pant evaluated the accuracy of and corrected errors 763

in tables generated by both TEN (Structural De- 764

composition), hereafter referred to as TEN, and 765

those generated by TEN (COT), hereafter referred 766

to as TENCOT. This design allowed us to assess 767

the practical strengths and limitations of these dif- 768

ferent approaches to table extraction and to identify 769

which types of errors users found most difficult to 770

fix and verify. 771

Tasks: Each participant worked on 2–4 tables 772

from the FinReCon20 dataset1, using Microsoft 773

Excel to assess and fix outputs produced by both 774

TEN and TENCOT in a within-subject design. To 775

control for individual biases, each table was inde- 776

pendently reviewed by three different participants. 777

The order of tool outputs was randomized to miti- 778

gate ordering effects. 779

In cases where table fixes involved repetitive or 780

tedious edits (e.g., adding multiple rows of simi- 781

lar data), participants were instructed to perform 782

only a representative sample of the changes. This 783

approach helped us gauge the perceived difficulty 784

and effort without requiring exhaustive correction. 785

After completing each task, participants filled out 786

a questionnaire addressing (1) perceived accuracy 787

of the table, (2) effort required to verify its correct- 788

ness, and (3) effort required to make corrections. 789

Participants: We recruited 21 active spread- 790

sheet users through an online user study recruit- 791

ment platform. To ensure sufficient proficiency, we 792

only included participants who reported using Mi- 793

crosoft Excel on at least 8 or more days in the past 794

month. Given the financial nature of our dataset, we 795

also required participants to have some experience 796

working with financial tables in Excel (all partici- 797

pants reported working with financial spreadsheets 798

at least occasionally). However, we did not restrict 799

participation to individuals in finance-related oc- 800

cupations, allowing us to recruit a diverse pool of 801

users across domains. This ensured a realistic mix 802

of spreadsheet users while maintaining a baseline 803

familiarity with financial tabular data. 804

Study Protocol: All study sessions were con- 805

ducted by one of the authors. At the beginning of 806

1https://anonymous.4open.science/r/
FinRecon20-Dataset-1B11/
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each session, the administrator briefed participants807

on the task they would be performing, followed808

by demonstrating a tutorial using an example ta-809

ble. In pilot studies, we observed that participants810

would often focus on the formatting and visual as-811

pects (e.g., font and spacing) and the robustness812

(e.g., number of formulas) of the replications when813

evaluating and fixing them. Since neither TEN814

nor TENCOT currently implement such aspects,815

the study administrator asked participants to focus816

solely on ensuring that the table replicates the struc-817

ture and data of the source table. Participants then818

worked on each generation sequentially, answering819

the questionnaire after each table they worked on.820

In case they missed an error that was crucial to the821

correctness of the table while fixing the table (e.g.,822

a missing row), the study administrator hinted at823

this issue to the participant. Participants completed824

working on generations by both TEN and TENCOT825

for each table they worked on before moving on to826

the next table.827

Data Collection: We collected both quantitative828

(questionnaire responses) and qualitative (video829

and audio recordings of study sessions) data from830

our study. To gain a deeper understanding of the831

rationale behind participants’ responses, we qual-832

itatively coded the actions they performed while833

fixing the regenerated tables based on the study834

recordings. Table 5 displays the list of such actions.835

If many actions were performed repetitively, only836

one such action was coded (e.g., if participants had837

to add spaces between words across all row headers838

of the table, this action was only coded once).839

Limitations: Our study only uses spreadsheets840

related to financial data, so our results might not841

generalize to other domains. Additionally, while842

we aimed to recruit a diverse set of participants,843

we use a relatively small sample size (N = 21),844

which may not be representative of all spreadsheet845

users. Future work could explore the usefulness846

of TEN in other contexts and with larger sample847

sizes. Further, since participants were unfamiliar848

with the data in the source images and did not have849

a personal stake in ensuring that the replication850

was accurate to the source data, this may have in-851

fluenced their actions and responses. Finally, since852

both tools in the study were developed by our re-853

search team, this may lead to confirmation biases in854

the analysis. To mitigate this bias, we do not anal-855

yse absolute values and only report comparative856

results.857

Code Description

Action Type

Add Adding values to the replication that were present in the source table but
missing from the replication

Modify Fixing incomplete or incorrect values within individual cells in the
replication

Delete Removing values from the replication that were not present in the source
table

Realign Shifting cells that were incorrectly aligned in the replication

Data Type

Column Heading Heading for a column
Row Heading Heading for a row
Subheading Heading not for a particular row or column but for a subsection of the

spreadsheet
Note Values that are not associated with a particular row or column, but

describe the data in the spreadsheet (e.g., ’values in thousands’)
Data All non-header, non-note values

Table 5: Actions performed by user study participants
to fix table regenerations. Each action consisted of an
action type as well as the data type upon which the
action was performed

C Results and Analysis 858

RQ1: To what degree do prompting strategies 859

and model choice influence table-extraction per- 860

formance when evaluated on datasets of escalating 861

complexity? 862

“Structure first” beats “reason more”: We eval- 863

uated the Structural Decomposition prompt (pri- 864

oritizing schema/layout followed by value filling) 865

across four datasets and six models, comparing it 866

against a baseline prompt and Chain-of-Thought 867

(CoT) prompting. Results (Figure 4 demonstrate 868

that the Structural Decomposition approach consis- 869

tently outperforms both baseline and CoT methods, 870

with improvements of 10–40 EM points (e.g., Pub- 871

TabNet and BrokenCSV datasets) and 8–15 points 872

in ColVM/CVM. While CoT offers marginal gains 873

over the baseline, the structure-first strategy yields 874

substantially greater enhancements in table extrac- 875

tion accuracy. 876

Model Capacity Matters: Model capacity plays a 877

clear role in determining table extraction accuracy, 878

with larger models such as GPT-4 and DeepSeek- 879

V3-0324 consistently outperforming smaller mod- 880

els like o3-mini across all prompting strategies.Our 881

results also reveal that Structural Decomposition 882

substantially narrows this performance gap. Un- 883

der the Base Prompt or COT strategies, smaller 884

models often struggle with layout understand- 885

ing, yielding low EM scores,for instance, o3-mini 886

achieves only 2.2% EM on FinTabNet using the 887

Base Prompt. With SD, however, o3-mini’s EM 888

rises to 14.4%, while GPT-4 improves from 8.9% to 889

21.7% (2.4×), indicating that SD disproportionately 890
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(a) Exact Match

(b) Column Match

(c) Cell Value Match

Figure 7: Convergence behavior of the iterative table reconstruction system in TEN across PubTabNet, WikiTables,
BrokenCSV, and FinTabNet. Most gains in Exact Match, Column Match, and Cell Value Match metrics are observed
in the first 2–3 iterations, with BrokenCSV and PubTabNet achieving higher final accuracies and FinTabNet
saturating early.
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Prompting Strategy Model Cov. Hall. TED E.M. C.V.M. Col.V.M.

BASE PROMPT

GPT-4 0.87 0.13 0.53 28.30 53.98 45.89
DeepSeek-R1 0.77 0.18 0.41 19.80 47.05 39.42
O3-mini 0.78 0.14 0.42 3.0 50.12 45.95
DEEPSEEK-V3-0324 0.83 0.13 0.59 31.60 58.85 50.75
Phi-4 0.82 0.16 0.41 15.90 45.00 34.82
Mistral-Small 0.87 0.12 0.50 13.80 49.95 39.08

CHAIN-OF-THOUGHT(COT)

GPT-4 0.87 0.13 0.52 27.30 53.41 45.09
DEEPSEEK-V3-0324 0.89 0.12 0.59 32.00 58.71 51.11
Phi-4 0.82 0.17 0.41 15.6 44.72 34.90
Mistral-Small 0.86 0.13 0.46 11.3 48.37 37.97

STRUCTURAL DECOMPOSITION

GPT-4 0.94 0.11 0.65 36.80 64.75 56.90
DeepSeek-R1 0.96 0.10 0.74 28.7 76.06 69.20
O3-mini 0.94 0.11 0.48 23.00 50.62 40.35
DEEPSEEK-V3-0324 0.93 0.11 0.65 35.80 63.65 55.90
Phi-4 0.88 0.14 0.45 13.80 47.18 36.83
Mistral-Small 0.92 0.11 0.60 29.7 60.02 49.61

Table 6: WikiTables Dataset - Baseline comparison across prompting strategies and models. Metrics: Coverage,
Hallucination Rate, Tree Edit Distance(TED), Exact Match(E.M., %), Cell Value Match(C.V.M., %), Column Value
Match(Col.V.M., %).

benefits lower-capacity models. This trend is con-891

sistent across datasets, with small models gaining892

15–25 percentage points in EM under SD, effec-893

tively reducing their reliance on internal structural894

reasoning. Nevertheless, higher-capacity models895

still maintain an advantage, particularly in Cell896

Value Match (CVM) and Column Match (ColVM)897

accuracy, and in handling large or complex tables.898

Table Size Effects and Efficiency Implications:899

Table extraction performance is strongly influenced900

by the size of the table, regardless of the prompting901

strategy used. As shown in Figure 5, EM scores de-902

cline noticeably as the number of rows increases, in-903

dicating that deeper tables pose greater challenges904

for structural reconstruction. Similarly, perfor-905

mance peaks at moderate column widths (approx-906

imately 6–8 columns) and deteriorates for wider907

tables, likely due to increased ambiguity in column908

alignment and value placement. While Structural909

Decomposition helps mitigate these effects, larger910

models exhibit a more gradual degradation in accu-911

racy as table size grows, whereas smaller models912

tend to plateau early, particularly on wide or deep913

tables.914

Dataset Complexity and Performance Charac-915

teristics: Our evaluation reveals interesting rela-916

tionship between dataset complexity metrics and917

LLM performance. BrokenCSV demonstrates the918

highest performance across all models (61.6-76.8 919

range), followed by PubTabNet (40.2-61.6 range), 920

while FinTabNet exhibits consistently poor perfor- 921

mance (8.9-21.9 range) and WikiTables shows mod- 922

erate but variable results (13.8-36.8 range). This 923

performance hierarchy contradicts traditional com- 924

plexity assessments, where FinTabNet’s sophisti- 925

cated financial structures and WikiTables’ diverse 926

domain coverage would typically be considered 927

more challenging than BrokenCSV’s intentionally 928

malformed data. The observed pattern suggests 929

that semantic complexity—characterized by con- 930

textual richness and self-descriptive content, is 931

more predictive of LLM performance than struc- 932

tural complexity. BrokenCSV’s superior perfor- 933

mance can be attributed to its design philosophy 934

of creating self-contained, descriptive entries that 935

remain interpretable despite formatting inconsis- 936

tencies. Similarly, PubTabNet’s scientific tables 937

contain extensive contextual information, includ- 938

ing measurement units, methodological descrip- 939

tions, and domain-specific terminology that facili- 940

tate content interpretation without relying on struc- 941

tural cues. In contrast, FinTabNet’s financial tables 942

depend heavily on precise positional relationships 943

and abbreviated notation that lose semantic mean- 944

ing when delimiters are removed, while WikiTa- 945

bles’ encyclopedic format often assumes structural 946
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Prompting Strategy Model Cov. Hall. TED E.M. C.V.M. Col.V.M.

BASE PROMPT

GPT-4 0.94 0.14 0.07 45 64.12 54.96
DeepSeek-R1 0.92 0.17 0.13 47.3 65.69 56.87
O3-mini 0.92 0.16 0.17 32.7 65.54 55.12
DEEPSEEK-V3-0324 0.96 0.17 0.07 42.4 68.93 58.08
Phi-4 0.88 0.17 0.07 34.8 55.87 46.15
Mistral-Small 0.90 0.14 0.06 35.4 60.39 51.59

CHAIN-OF-THOUGHT(COT)

GPT-4 0.96 0.17 0.108 42.8 63.57 54.69
DEEPSEEK-V3-0324 0.97 0.15 0.105 44 68.63 58.17
Phi-4 0.88 0.2 0.04 36.6 53.43 46.85
Mistral-Small 0.88 0.17 0.04 33.8 58.25 50.96

STRUCTURAL DECOMPOSITION

GPT-4 0.97 0.15 0.22 81.6 81.63 69.45
DeepSeek-R1 0.98 0.14 0.21 72.1 86.56 73.28
O3-mini 0.97 0.14 0.33 68.6 64.87 54.58
DEEPSEEK-V3-0324 0.97 0.14 0.17 76.8 76.56 64.34
Phi-4 0.9 0.2 0.07 63.9 60.59 51.49
Mistral-Small 0.91 0.16 0.22 60.2 70.84 59.05

Table 7: BrokenCSV Dataset - Baseline comparison across prompting strategies and models. Metrics: Coverage,
Hallucination Rate, Tree Edit Distance(TED), Exact Match(E.M., %), Cell Value Match(C.V.M., %), Column Value
Match(Col.V.M., %).

Prompting Strategy Model Cov. Hall. TED E.M. C.V.M. Col.V.M.

BASE PROMPT

GPT-4 0.91 0.14 0.45 30 48.18 40.22
DeepSeek-R1 0.89 0.17 0.51 30.60 55.54 44.44
O3-mini 0.89 0.16 0.51 22.00 55.19 46.57
DEEPSEEK-V3-0324 0.92 0.16 0.42 27.40 49.68 37.88
Phi-4 0.85 0.2 0.36 25.80 43.95 34.38
Mistral-Small 0.88 0.17 0.428 27.40 46.15 36.88

CHAIN-OF-THOUGHT(COT)

GPT-4 0.91 0.15 0.48 29.80 47.38 38.38
DEEPSEEK-V3-0324 0.92 0.149 0.50 32.00 54.46 43.16
Phi-4 0.84 0.19 0.34 22.60 40.46 32.49
Mistral-Small 0.84 0.16 0.32 20.00 35.73 28.53

STRUCTURAL DECOMPOSITION

GPT-4 0.93 0.14 0.67 61.60 71.76 75.41
DeepSeek-R1 0.96 0.13 0.65 50.20 64.51 57.98
O3-mini 0.96 0.12 0.79 41.00 53.97 49.53
DEEPSEEK-V3-0324 0.93 0.14 0.64 52.00 65.57 59.93
Phi-4 0.88 0.18 0.43 42.00 50.26 46.45
Mistral-Small 0.92 0.14 0.68 40.20 57.24 49.52

Table 8: PubtabNet Dataset - Baseline comparison across prompting strategies and models. Metrics: Coverage,
Hallucination Rate, Tree Edit Distance(TED), Exact Match(E.M., %), Cell Value Match(C.V.M., %), Column Value
Match(Col.V.M., %).
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Prompting Strategy Model Cov. Hall. TED E.M. C.V.M. Col.V.M.

BASE PROMPT

GPT-4 0.89 0.19 0.13 8.9 22.47 14.45
DeepSeek-R1 0.84 0.19 0.28 12.4 33.17 25.31
O3-mini 0.90 0.14 0.36 2.2 40.76 33.09
DeepSeek-V3-0324 0.91 0.18 0.16 7.7 27.34 13.81
Phi-4 0.84 0.21 0.013 5.7 19.04 10.01
Mistral-Small 0.87 0.18 0.13 8.2 22.91 14.66

CHAIN-OF-THOUGHT(COT)

GPT-4 0.89 0.17 0.226 10.3 24.02 16.72
DEEPSEEK-V3-0324 0.91 0.16 0.21 11.6 29.16 19.27
Phi-4 0.80 0.21 0.077 6.5 18.80 10.27
Mistral-Small 0.81 0.17 0.081 4.5 16.75 10.82

STRUCTURAL DECOMPOSITION

GPT-4 0.91 0.15 0.47 21.7 33.36 29.77
DeepSeek-R1 0.94 0.14 0.44 10.1 38.84 32.17
O3-mini 0.93 0.15 0.70 14.4 27.17 25.10
DEEPSEEK-V3-0324 0.93 0.14 0.36 21.9±0.026 31.69 28.93
Phi-4 0.82 0.21 0.15 8.9 18.92 10.75
Mistral-Small 0.90 0.16 0.45 20 34.01 28.69

Table 9: FinTabNet Dataset - Baseline comparison across prompting strategies and models. Metrics: Coverage,
Hallucination Rate, Tree Edit Distance(TED), Exact Match(E.M., %), Cell Value Match(C.V.M., %), Column Value
Match(Col.V.M., %).

organization for disambiguation.947

Iterative Feedback Loop Performance Analysis:948

To evaluate the effectiveness of our iterative feed-949

back loop, we analyzed performance trajectories950

across multiple iterations of Structural Decomposi-951

tion. As shown in Figure 7, the largest gains in EM,952

C.V.M., and Col.V.M. occur within the first two to953

three iterations, with diminishing returns thereafter.954

Specifically, EM typically increases by 10–20 per-955

centage points between iterations 1 and 2, and by956

iteration 3 or 4, most tables reach a performance957

plateau. By iteration 5, improvements are minimal.958

959

Robustness & Statistical Significance: To as-960

sess the reliability of our observed improvements,961

we conducted statistical analyses across all datasets962

and prompting strategies. We used paired bootstrap963

resampling (B = 10,000 samples) to compute 95%964

confidence intervals for the difference (δ) in perfor-965

mance metrics, between Structural Decomposition966

and each baseline strategy. As shown in Figure 8,967

the confidence intervals for EM, CVM, and ColVM968

are consistently positive and do not overlap zero, in-969

dicating statistically significant gains for Structural970

Decomposition across all datasets. In addition, we971

computed Cohen’s d effect sizes to quantify the972

magnitude of these improvements and tested their973

statistical significance (Figures 9 and 10). Most ef-974

fect sizes for EM, CVM, and ColVM are large and 975

significant (p < 0.001), while hallucination rates 976

show minor and dataset-dependent differences. 977

RQ2: How accurately does TEN reconstruct tables 978

compared to existing baselines? 979

980

To address this research question, we compare 981

TEN with Revelio and SplitText across four bench- 982

marks and results are shown in a Table in the 983

main paper. TEN consistently outperforms both Re- 984

vilio and SplitText on content-fidelity metrics (EM, 985

CVM, ColVM). On PubTabNet, TEN improves 986

EM by +9.26 pts over Revilio, together with higher 987

CVM (+5 pt) and ColVM (+15 pt). On the more 988

challenging FinTabNet, absolute EM is lower for 989

all methods, but TEN still yields a +6.05 pt EM gain 990

and higher CVM/ColVM. On WikiTables, TEN de- 991

livers smaller yet consistent improvements (+3.37 992

EM; +5 CVM; +5 ColVM). The largest gains ap- 993

pear on BrokenCSV, where TEN attains 81.6 EM 994

(vs. 60.96 for Revilio and 53.8 for SplitText), along- 995

side higher CVM/ColVM. 996

Structural alignment, measured by TED, shows 997

mixed results. TEN achieves lower TED on FinTab- 998

Net and is substantially better than SplitText on 999

BrokenCSV, but slightly worse than Revilio on Pub- 1000

TabNet and WikiTables. This pattern suggests that 1001

TEN ’s structure-first decoding can sometimes nor- 1002
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Figure 8: Absolute delta (∆) in performance metrics between Structural Decomposition and each prompting strategy
(Baseline, CoT), reported per dataset. Horizontal error bars indicate 95% bootstrap confidence intervals over 10,000
paired samples. Positive values indicate higher performance by TEN. TEN consistently improves Exact Match (EM),
Column Value Match (ColVM), and Cell Value Match (CVM) across all datasets. Differences in Hallucination and
Coverage vary across datasets. Significance is assessed separately in Figure.

malize header layouts or span handling in ways that1003

improve content agreement (EM/CVM/ColVM)1004

yet diverge modestly from the reference tree, re-1005

flecting granularity differences rather than content1006

errors.1007

TED varies across datasets because it rewards1008

structural isomorphism and penalizes benign lay-1009

out normalization. It compares systems to the ref-1010

erence representation rather than semantic correct-1011

ness. When TEN consolidates multi-row headers,1012

propagates or flattens spans, removes empty scaf-1013

fold rows/columns, or relocates footnotes and units,1014

the values are preserved but the parse tree changes.1015

Consequently, TED can worsen even as EM, CVM,1016

and ColVM improve, so it should be interpreted1017

alongside content-fidelity metrics.1018

RQ3: How useful is TEN at reconstructing tables1019

from real-world financial documents?1020

To answer this research question, we analysed par-1021

ticipant’s actions and questionnaire responses in1022

our user study. We compared these actions across1023

tables generated by TEN (Structural Decomposi-1024

tion), hereafter referred to as TEN, and those gener-1025

ated by TEN (COT), hereafter referred to as TEN-1026

COT.1027

Perceived Accuracy: Figure 11 summarizes1028

participants’ responses to the different questions in1029

the questionnaire provided to them. To statistically1030

test the differences in their responses across the 1031

two conditions (TEN and TENCOT), we apply the 1032

Wilcoxon signed-rank test, as our data is paired 1033

(each participant provided one response for each 1034

condition) and ordinal (Likert scale). Further, since 1035

this test is non-parametric, it is suited to smaller 1036

sample size such as in our study (N = 20∗3 = 60). 1037

We found that on the Likert scale from 1-7, partici- 1038

pants reported that the accuracy of tables generated 1039

by TEN (mean = 4.97) was significantly higher 1040

than of those generated by TENCOT (mean = 4.30) 1041

(Wilcoxon signed-rank test, W = 284.0, p = .02) 1042

with a moderate effect size (r = −0.30). Further, 1043

in 7 out the 20 tables used for the study, all three re- 1044

viewers independently rated TEN to be more accu- 1045

rate than TENCOT, while all participants preferred 1046

TENCOT for only 1 table. 1047

Despite this difference in responses on the ta- 1048

bles’ accuracy, we did not observe any significant 1049

differences in participants’ responses on the effort 1050

required to verify (W = 260.0, p = .51) or fix 1051

(W = 266.0, p = .08) these tables. Out of the 43 1052

responses in which participants reported a differ- 1053

ence in accuracy between tables generated by the 1054

two tools, participants did not report a correspond- 1055

ing difference in the effort required to fix these 1056

tables in 11 cases. Further, in the 17 responses 1057

in which participants did not report any difference 1058
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Figure 9: Heatmap showing effect sizes (∆) and
statistical significance for performance differences
between Structural Decomposition and the Base-
line strategy. Each cell reports the average delta
(∆ = Structural Decomposition−Baseline) for a given
dataset and metric. Color encodes both the magnitude
and direction of the effect: blue shades indicate negative
effects (TEN outperforms), red shades indicate posi-
tive effects (TEN underperforms), and gray indicates
non-significant results. Effect size is measured using
Cohen’s d; significance is marked as: *** (p < 0.001),
** (p < 0.01), † (p < 0.1). For EM, Coverage, ColVM,
and CVM, higher values are better; for Hallucination,
lower is better.

Figure 10: Heatmap showing effect sizes (∆) and statis-
tical significance for performance differences between
Structural Decomposition and the Chain-of-Thought
(CoT) prompting strategy. Each cell represents the aver-
age delta (∆ = Structural Decomposition − Baseline)
across datasets and metrics. Color encodes both the
magnitude and direction of the effect: blue indicates
negative effects (TEN outperforms CoT), red indicates
positive effects (TEN underperforms), and gray marks
non-significant results. Effect size is measured using
Cohen’s d; significance is marked as: *** (p < 0.001),
** (p < 0.01), † (p < 0.1). For EM, Coverage, ColVM,
and CVM, higher values are better; for Hallucination,
lower is better.

Figure 11: Questionnaire responses in user study

in accuracy between the two tools, participants re-1059

ported a difference in the effort required to fix the1060

generations by each tool in 5 cases. This suggests1061

that accuracy alone does not fully reflect user bur-1062

den and may not always be a sufficient indicator1063

for the usefulness of the replication – the effort1064

required to locate and fix different types of errors1065

in these replications might play an important role1066

in understanding the overall usability of the repli-1067

cation.1068

Participant Actions: Based on the codes in Ta-1069

ble 5, we coded a total of 385 actions performed by1070

participants (179 with tables generated by TEN vs1071

206 with tables generated by TENCOT). To assess1072

the effect of each type of action and type of data1073

(Table 5) on the increase in effort by participants 1074

to verify and fix the table, we perform statistical 1075

tests on those samples for which participants per- 1076

formed the action for one tool and did not perform 1077

the action for the other tool. Thus, for each test, 1078

one sample contains instances where participants 1079

performed the action on a particular table and one 1080

sample contains instances where participants did 1081

not perform the action for the same table (but a 1082

different tool). We do not control for which tool 1083

participants worked with in these samples to avoid 1084

any biases. While creating such pairs leads to a 1085

reduction in our sample size, this ensures that our 1086

data is paired, and allows us to continue to use 1087

the Wilcoxon signed-rank test to test for this effect. 1088

The results of these tests across different types of 1089

actions and types of data operated upon are re- 1090

ported in the Appendix (Section D.1). From these 1091

tests, we can infer that participants reported that it 1092

was significantly more difficult to verify the accu- 1093

racy of the replication when they were required to 1094

modify values or fix misaligned data in the replica- 1095

tion. Further, in addition to modifying values and 1096

fixing misaligned data, participants reported that it 1097

was significantly more difficult to fix replications 1098

when adding new data. 1099

Similarly, we found that participants reported 1100
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Action Type Avg. Difficulty With Action Avg. Difficulty Without Action N W p r (effect size)

Add 4.71 5.66 35 64.0 0.013 -0.42
Remove 5.50 5.14 22 68.5 0.452 -0.16
Whitespace 4.67 6.22 9 0.0 0.026 -0.74
Modify 4.36 5.68 25 25.0 0.008 -0.53
Manual Misaligned 4.96 5.57 23 33.0 0.115 -0.33

Table 10: Wilcoxon signed-rank test results for fix difficulty ratings with/without performing specific action types.
N represents the number of samples used for the particular test. r below

that it was significantly more difficult to fix tables1101

when performing operations on subheadings, row1102

headings, and data values, and reported that it was1103

significantly more difficult to verify tables when1104

performing operations on row headings and data1105

values. This may be due to the fact that these types1106

of data tend to be embedded within the table and1107

thus may be difficult to locate and to operate on.1108

To analyze the occurence of the different types1109

of actions and data that participants worked on1110

across the two conditions, we performed McNe-1111

mar’s exact test (McNemar, 1947). The results of1112

these tests are reported in the Appendix (Section1113

D.2). We found that the number of times partic-1114

ipants added new data to the replication was sig-1115

nificantly higher when working on tables gener-1116

ated by TENCOT as compared to those generated1117

by TEN. Further, participants operated on sub-1118

headings a significantly higher number of times1119

when working on tables generated by TENCOT.1120

On the other hand, the number of times partici-1121

pants worked on fixing misaligned data was signifi-1122

cantly higher when working on tables generated by1123

TEN. Upon performing the Wilcoxon signed-rank1124

test, we found that participants rated the accuracy1125

of replications to be significantly higher when the1126

fixes to these replications did not require adding1127

any data (N = 35,W = 52.5, p = .002) with a1128

moderate effect size (r = −0.53). However, we1129

did not find significant differences in the accuracy1130

ratings based on fixing misaligned data in the repli-1131

cation (N = 16,W = 18.0, p = .051). 2 This sug-1132

gests that participants may have reported that the1133

tables generated by TENCOT were less accurate1134

due to missing data in these tables. However, since1135

both adding missing data and fixing misaligned1136

data significantly increased the effort required to1137

fix the replication, each tool had its own drawbacks1138

that increased the effort for users to verify and fix1139

the replications generated by that tool.1140

2N is lesser than 60 for these tests as we only consider
those tables for which one replication required performing the
action, and the other one did not.

Our results thus indicate that these different ap- 1141

proaches to reconstructing tables might be useful 1142

in different scenarios. When accuracy is critical, 1143

applying a stricter approach that prioritizes maxi- 1144

mum coverage (possibly at the cost of alignment 1145

issues) might ensure that the replication is useful 1146

for users. On the other hand, to ensure that the repli- 1147

cation is easy for users to verify, we should apply a 1148

more flexible approach that ensures that individual 1149

values are accurate and correctly aligned. 1150

RQ4: What is the impact of different components 1151

of TEN? 1152

To assess the contributions of TEN ’s feedback 1153

mechanisms, we ablated its components and evalu- 1154

ated four variants under identical prompts, decod- 1155

ing, and evaluation setup: (i) No feedback disables 1156

all feedback; (ii) Symbolic feedback enables rule- 1157

based checks; (iii) LLM feedback uses critique- 1158

and-rewrite without symbolic validation; (iv) TEN 1159

(GPT-4o) combines both. The table with these re- 1160

sults is in the main text of the paper. 1161

Impact of Removing Feedback Components. 1162

Compared to No feedback, Symbolic feedback con- 1163

sistently improves structural and content metrics, 1164

with EM gains of +5.18 (Wikipedia) and +8.62 1165

(BrokenCSV). LLM feedback provides even larger 1166

gains on simpler or noisier datasets, e.g., +12.75 1167

EM (Wikipedia). However, on complex tables, it is 1168

less stable and may underperform Symbolic feed- 1169

back on alignment metrics. 1170

Full System Performance. The combined TEN 1171

(GPT-4o) achieves the best performance across all 1172

metrics. It offers the highest content fidelity (EM, 1173

CVM), lowest TED, and near-saturated coverage 1174

(0.90–0.97). In some cases, LLM feedback slightly 1175

reduces hallucination compared to the full system, 1176

but this comes at the cost of structural fidelity. 1177
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Action Type Average Fix Difficulty Rating (1-7)
N W p r

With Action Without Action

Add 4.71 5.66 35 64.0 0.013 -0.42
Remove 5.50 5.14 22 68.5 0.452 -0.16
Modify 4.36 5.68 25 25.0 0.008 -0.53
Realign 4.63 5.81 16 13.5 0.022 -0.57

Table 11: Wilcoxon signed-rank test results for partici-
pant ratings on effort required to fix replications with-
/without performing specific action types. Participant
ratings were recorded on a scale from 1 (Very Difficult)
to 7 (Very Easy).

Data Type Average Fix Difficulty Rating (1-7)
N W p r

With Data Type Without Data Type

Column Header 5.57 5.14 21 31.0 0.293 -0.23
Row Header 3.76 5.76 21 12.5 0.002 -0.67
Subheading 4.68 5.77 22 34.5 0.045 -0.43
Note 5.89 5.56 9 9.0 0.380 -0.29
Data 4.17 6.00 18 0.0 0.001 -0.81

Table 12: Wilcoxon signed-rank test results for partici-
pant ratings on effort required to fix replications with-
/without operating on specific data types. Participant
ratings were recorded on a scale from 1 (Very Difficult)
to 7 (Very Easy).

D Statistical Tests for User Study1178

D.1 Effect of actions on fix and verification1179

difficulty1180

Tables 11 and 12 report the results of the Wilcoxon1181

signed-rank test applied to determine the effect of1182

performing each type of actions and of operating1183

on each type of data respectively on participants’1184

responses regarding the difficulty of fixing the repli-1185

cation. Similarly, Tables 13 and 14 report the same1186

results for participants’ responses regarding the dif-1187

ficulty of verifying the replication. Rows in which1188

statistical significance was found are highlighted1189

in bold.1190

Each test uses only those tables for which one1191

replication required performing the action (or op-1192

erating on the data type), and the other one did1193

not. Thus, each test has a different sample size (N ).1194

For each test, we report the test statistic (W ), p-1195

value (p), and the effect size (r). While |r| < 0.301196

indicates a small effect size, 0.30 ≤ |r| < 0.501197

indicates a moderate effect size and 0.50 ≤ |r|1198

indicates a large effect size.1199

D.2 Occurrence of actions across TEN and1200

TENCOT1201

Tables 15 and 16 report the results of applying
the McNemar exact test (McNemar, 1947) across
TEN and TENCOT to analyze the differences in

Action Type Average Verification Difficulty Rating (1-7)
N W p r

With Action Without Action

Add 5.11 5.51 35 70.5 0.190 -0.22
Remove 5.45 5.09 22 44.0 0.354 -0.20
Modify 4.52 5.52 25 28.5 0.012 -0.50
Realign 4.69 5.56 16 5.0 0.036 -0.52

Table 13: Wilcoxon signed-rank test results for par-
ticipant ratings on verification effort with/without per-
forming specific action types. Participant ratings were
recorded on a scale from 1 (Very Difficult) to 7 (Very
Easy).

Data Type Average Verification Difficulty Rating (1-7)
N W p r

With Data Type Without Data Type

Column Header 5.38 5.10 21 33.0 0.373 -0.19
Row Header 4.29 5.57 21 27.0 0.010 -0.56
Subheading 5.36 5.73 22 32.5 0.357 -0.20
Note 5.44 5.44 9 10.5 1.000 0.00
Data 4.28 5.44 18 10.0 0.012 -0.59

Table 14: Wilcoxon signed-rank test results for partici-
pant ratings on verification effort with/without operating
on specific data types. Participant ratings were recorded
on a scale from 1 (Very Difficult) to 7 (Very Easy).

the occurrence of each type of action and each data
type in fixing the replications generated by these
tools. We use the exact test as we have smaller
sample sizes – the total number of pairs in our
sample is N = 60. We report the p-values (p) and
the odds ratio (OR) for each test, along with the
number of occurrences for each action/data type for
each tool. We calculate odds ratio as the maximum
of b/c and c/b for the 2 × 2 contingency table:(

a b
c d

)
E User Study Questionnaire 1202

Following are the questions participants in our user 1203

study answered after fixing each replication. We 1204

use the Single Effort Question (SEQ) (Sauro and 1205

Dumas, 2009) to gather perceived effort to fix and 1206

verify the replication, and record responses in 7- 1207

point Likert scales. 1208

Action Number of occurrences in fixes
p Odds Ratio

TEN TENCOT

Add 17 42 <0.001 6.00
Remove 19 21 0.832 1.20
Modify 26 21 0.405 1.56
Realign 40 28 0.004 7.00

Table 15: McNemar exact test results for occurrence of
each action.
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Data Type Number of occurrences in fixes
p Odds Ratio

TEN Baseline

Column Header 39 34 0.383 1.62
Row Header 18 23 0.383 1.62
Subheading 7 27 <0.001 21.00
Note 20 21 1.000 1.25
Data 18 26 0.096 2.60

Table 16: McNemar exact test results for occurrence of
each data type

• Please rate your agreement with the following1209

statement: The copy accurately replicates the1210

structure of the original table.1211

Scale: Strongly Disagree, Disagree, Some-1212

what Disagree, Neutral, Somewhat Agree,1213

Agree, Strongly Agree1214

• Overall, how difficult or easy was it to verify1215

the accuracy of the copy?1216

Scale: Very Easy, Easy, Somewhat Easy, Neu-1217

tral, Somewhat Difficult, Difficult, Very Diffi-1218

cult1219

• Overall, how difficult or easy was it to fix the1220

copy?1221

Scale: Very Easy, Easy, Somewhat Easy, Neu-1222

tral, Somewhat Difficult, Difficult, Very Diffi-1223

cult1224

F Structural Decomposition Prompting 1225

Applied to PDF-Copied Table 1226

Figure 12 displays an example of a semantically 1227

rich table containing biological annotations. When 1228

such tables are copy-pasted from a PDF, they often 1229

lose structural cues such as headers, groupings, and 1230

cell boundaries, resulting in a flattened and hard-to- 1231

interpret text block (see Listing 1). This degraded 1232

input poses a challenge for table reconstruction 1233

systems.

GO Category Total Genes on
Array

Changed
Genes Enrichment FDR

Biological Process

HEART

Translation (GO:0006412) 319 32 3.334 <0.001

LIVER

Fatty acid beta-oxidation
(GO:0006635) 22 5 6.805 0.036

Translation (GO:0006412) 260 28 3.336 <0.001

Amino acid catabolic process
(GO:0009063) 36 12 10.102 <0.001

Cholesterol metabolic process
(GO:0008203) 54 7 4.559 0.024

Cellular respiration (GO:0045333) 47 7 4.559 0.024

Molecular Function

HEART

RNA Binding (GO:0003723) 455 35 2.500 <0.001

LIVER

RNA Binding (GO:0003723) 362 28 2.326 0.001

Transaminase activity
(GO:0008483) 16 10 15.428 <0.001

Oxidoreductase activity
(GO:0016903) 26 6 9.281 0.001

Monooxygenase activity
(GO:0004497) 98 11 3.472 0.003

Electron carrier activity
(GO:0009055) 98 11 3.472 0.003

Figure 12: Original structured GO annotation table
taken from PubTabNet dataset. It contains multiple bio-
logical categories (Biological Process, Molecular Func-
tion) with tissue-specific subgroups (HEART, LIVER)
and associated enrichment statistics.

1234
TEN, addresses this challenge by explicitly re- 1235

constructing the hierarchical structure of such flat- 1236

tened inputs. It identifies distinct categories and 1237

subgroups, organizes rows under appropriate head- 1238

ers, and outputs clean, semantically organized 1239

HTML tables (see Listing 2). 1240
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Listing 1 Input provided to TEN for table expliciti-
zation.
GO Category Total Genes on
Array
Changed
Genes Enrichment FDR
Biological Process
HEART
Translation (GO:0006412) 319 32 3.334 <0.001
LIVER
Fatty acid beta-oxidation
(GO:0006635) 22 5 6.805 0.036
Translation (GO:0006412) 260 28 3.336 <0.001
Amino acid catabolic process
(GO:0009063) 36 12 10.102 <0.001
Cholesterol metabolic process
(GO:0008203) 54 7 4.559 0.024
Cellular respiration (GO:0045333) 47 7 4.559

0.024↪→
Molecular Function
HEART
RNA Binding (GO:0003723) 455 35 2.500 <0.001
LIVER
RNA Binding (GO:0003723) 362 28 2.326 0.001
Transaminase activity
(GO:0008483) 16 10 15.428 <0.001
Oxidoreductase activity
(GO:0016903) 26 6 9.281 0.001
Monooxygenase activity
(GO:0004497) 98 11 3.472 0.003
Electron carrier activity
(GO:0009055) 98 11 3.472 0.003

Listing 2 Tables decomposed by TEN from struc-
turally ambiguous input. Each table corresponds
to a semantic category (e.g., Biological Process,
Molecular Function) and includes GO annotations
with enrichment statistics.

{
"tables": [
{
"starting_token": "Biological Process",
"html_output": "<table><thead><tr><th>GO

Category</th><th>Total Genes on
Array</th><th>Changed Genes</th><th>Enrichment</th> ⌋
<th>FDR</th></tr></thead><tbody><tr><td>Biological
Process</td></tr><tr><td>HEART Translation
(GO:0006412)</td><td>319</td><td>32</td><td>3.334</ ⌋
td><td>&lt;0.001</td></tr><tr><td>LIVER Fatty acid
beta-oxidation
(GO:0006635)</td><td>22</td><td>5</td><td>6.805</td ⌋
><td>0.036</td></tr><tr><td>Translation
(GO:0006412)</td><td>260</td><td>28</td><td>3.336</ ⌋
td><td>&lt;0.001</td></tr><tr><td>Amino acid
catabolic process
(GO:0009063)</td><td>36</td><td>12</td><td>10.102</ ⌋
td><td>&lt;0.001</td></tr><tr><td>Cholesterol
metabolic process
(GO:0008203)</td><td>54</td><td>7</td><td>4.559</td ⌋
><td>0.024</td></tr><tr><td>Cellular respiration
(GO:0045333)</td><td>47</td><td>7</td><td>4.559</td ⌋
><td>0.024</td></tr></tbody></table>"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

},
{
"starting_token": "Molecular Function",
"html_output": "<table><thead><tr><th>GO

Category</th><th>Total Genes on
Array</th><th>Changed Genes</th><th>Enrichment</th> ⌋
<th>FDR</th></tr></thead><tbody><tr><td>Molecular
Function</td></tr><tr><td>HEART RNA Binding
(GO:0003723)</td><td>455</td><td>35</td><td>2.500</ ⌋
td><td>&lt;0.001</td></tr><tr><td>LIVER RNA Binding
(GO:0003723)</td><td>362</td><td>28</td><td>2.326</ ⌋
td><td>0.001</td></tr><tr><td>Transaminase activity
(GO:0008483)</td><td>16</td><td>10</td><td>15.428</ ⌋
td><td>&lt;0.001</td></tr><tr><td>Oxidoreductase
activity (GO:0016903)</td><td>26</td><td>6</td><td> ⌋
9.281</td><td>0.001</td></tr><tr><td>Monooxygenase
activity (GO:0004497)</td><td>98</td><td>11</td><td ⌋
>3.472</td><td>0.003</td></tr><tr><td>Electron
carrier activity
(GO:0009055)</td><td>98</td><td>11</td><td>3.472</t ⌋
d><td>0.003</td></tr></tbody></table>"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}
]

}
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G Prompts for Table Explicitization 1241

G.1 Prompt Used For Structural Decomposition. 1242

Box G.1.1: Prompt for Extracting Table

Role: You are an expert in interpreting diverse table formats. Your task is to generate structured
tables from unstructured text. The primary objective is to generalize the process of table extraction
and representation.
Instructions:

(1) Review the input text for the presence of tabular data.

(2) Identify the most appropriate row delimiter that separates the input into distinct rows. These
delimiters can be system-specific (e.g., \r\n, <br>). If no such delimiter suffices, propose a
custom regular expression-based delimiter and report it under $row_delimiter$.

(3) Identify row headers that signify the start of sub-tables or logical sections. Row headers
are typically distinct lines (e.g., titles, section markers) that separate groups of rows into
meaningful partitions.

(4) If row headers exist, split the table into multiple logical partitions at these row headers. Return
these row headers under $starting_token$ as partition markers.

(5) If no row headers or no multiple tables exist, treat the input as a single table. Set
$starting_token$ to null.

(6) For each partitioned table or the single table, generate a corresponding HTML <table>
representation with column headers.

(7) Infer the number of columns by analyzing all rows. For rows with fewer columns, pad them
with empty cells (<td></td> or <th></th>) to maintain uniformity.

(8) If a cell should span multiple rows or columns (e.g., merged cells), preserve it as-is. Do
not split such cells to force a rectangular shape. Instead, pad the surrounding rows/columns
appropriately to retain a rectangular layout.

(9) Wrap all column headers inside <thead> and all data rows (including row headers, if any)
inside <tbody>.

(10) Do not remove, skip, or modify any content from the input text. Do not add any additional
content or annotations. Do not correct spelling, formatting, or whitespace in the input.

(11) Return the final output as structured JSON, encapsulated in a code block, using the following
format:

{
"tables": [
{
"$starting_token$": "<identified_row_header_1>",
"$html_output$": "<html_representation_of_table_1>"

},
...

],
"$row_delimiter$": "<row_delimiter_used>"

}

Input: {{Input Text}}
1243
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G.2 Prompt Used For Critique Generation.1244

Box G.2.1: Prompt used for Critique LLM

Below is a table that is constructed from a noisy text. Role: You are an expert in fixing messy
tabular data extracted from unstructured text.
Instructions: Your task is to critically assess whether the table is correct or messy using your
understanding of what a clean table should look like.
If you find actual structural or formatting issues, explain what they are and how to fix them. If
the table structure is clear, consistent, and logical, do not suggest unnecessary changes. Prioritize
semantic and visual clarity over strict rule adherence.
Do not:

(1) Add new columns or data

(2) Delete any existing columns or data

(3) Hallucinate new entries or remove original values

(4) Add indentations or extra spaces in any cells

(5) Correct spelling, reformat dates, or fill empty cells with placeholders like “N/A”

Do not change Semantics. Only the positions of content may be changed to fix structural
issues.

Your critique:
1245

G.3 Prompt Used for Table Regeneration.1246

Box G.3.1: Prompt for Table Regeneration Based on Structural Critique

Role: You are a table regeneration agent. Instructions: You will be given a previously generated
table along with feedback highlighting structural or formatting issues.
Your task is to regenerate the table in HTML format, correcting issues such as:

• Merged cells
• Row alignment
• Header misplacement

Do Not:
• Add new rows or columns.
• Hallucinate any values.

You may split or reassign existing values across rows/columns to improve structure.

Return the regenerated table in the following structured JSON format.:
{
"tables": [
{
"html_output": "<html_table_with_<thead>_and_<tbody>>"

},
...

]
}

Critique: <Insert critique here>
Original Table: <Insert table rows here>

1247
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G.4 Prompts used for Baseline 1248

Table extraction prompt is shown Box in G.4.1. Critique and table regeneration prompt are same as in 1249

Box G.2.1 and Box G.3.1. 1250

Box G.4.1: Prompt for Generalized Table Extraction

Role: Role: You are an expert in interpreting diverse table formats. Your task is to generate
structured tables from unstructured text. The primary objective is to generalize the process of
table extraction and representation.
Instructions: 1. Examine the following unstructured text to identify any tabular data.
2. Convert the identified table(s) into HTML, ensuring that:

• Column headers (table headers) are wrapped within <thead></thead>.

• All data rows are wrapped within <tbody></tbody>.

3. You must return the table in structured JSON format inside code blocks as shown below.
Input:
{{Input Text}}

Output:
{
"tables": [
{
"html_output": "<html_table_with_<thead>_and_<tbody>>"

},
...

]}

1251
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Figure 13: Ground truth

H Ablation Qualitative Analysis1252

H.1 Neurosymbolic Feedback Effectively1253

Removes Hallucinated Columns and1254

Restores Table Schema1255

In the initial output, the LLM incorrectly inter-1256

preted the label "Psoriatic spondyloarthritis" as a1257

data column header (Figure 14), causing the inser-1258

tion of an empty and unnecessary second column.1259

This misinterpretation also flattened what was orig-1260

inally intended as a hierarchical two-row group1261

header structure (Figure 13). The critique from1262

the intermediate feedback stage correctly identified1263

the header misalignment and flagged the redundant1264

empty column, explicitly suggesting that "Psoriatic1265

spondyloarthritis" should serve as a group label1266

rather than a column header (Figure 15).1267

Guided by this detailed critique (Listing 1), the1268

NeuroSymbolic loop regenerated the table by re-1269

moving the hallucinated column and correctly po-1270

sitioning "Psoriatic spondyloarthritis" as a group-1271

level descriptor.1272

1273
The table extracted from the noisy text has several structural issues1274

that need to be addressed for clarity and consistency. Here's a1275
breakdown of the issues and how to fix them:1276

1. Column Headers: The first row of the table contains column headers,1277
but the header for the second column ("Psoriatic1278
spondyloarthritis") is not aligned with the data. It seems to be1279
a category rather than a header. The actual headers should be:1280

- "First signs and symptoms, n (%)"1281
- "$\leq$2 years (n = 51)"1282
- "$\ge$10 years (n = 187)"1283
- "P value"1284

2. Empty Cells in the Second Column: The second column is empty for all1285
rows, which suggests that the "Psoriatic spondyloarthritis" label1286
might be misplaced. This column should be removed or the header1287
should be integrated into the table in a way that makes sense,1288
such as a title or a category label above the table.1289

3. Row Structure: Each row should consistently represent a symptom and1290
its corresponding data across the time categories and p-value.1291
The current structure is correct in terms of data placement, but1292
the empty second column creates confusion.1293

4. Signature Mismatches: The rule-based signals indicate type1294
inconsistencies, but these are primarily due to the empty second1295
column and the misalignment of headers. Once the column header1296
issue is resolved, these mismatches should be addressed.1297

To fix the table:1298
- Remove the second column entirely or reposition the "Psoriatic1299

spondyloarthritis" label as a title above the table.1300
- Ensure the headers are clearly defined as:1301
- "First signs and symptoms"1302
- "$\leq$2 years (n = 51)"1303
- "$\ge$10 years (n = 187)"1304
- "P value"1305

- Maintain the current data structure for each symptom row, as it is1306
consistent and logical once the header issue is resolved.1307

By addressing these issues, the table will be clearer and consistent1308
without altering the original data content.1309

Figure 14: Initial table (hallucinated column “Psoriatic
spondyloarthritis”)

Figure 15: Regenerated table (schema fixed)

1310

Listing 1: Critique Feedback Identifying Structural
Issues in the Initial Table

H.2 Comparing LLM-Only and 1311

NeuroSymbolic Feedback 1312

In this example, the table contains hierarchical sub- 1313

section labels (e.g., "Ameren", "UE", "Genco") 1314

interleaved with fuel cost data across three years 1315

(2007–2005). The initial table output failed to prop- 1316

erly distinguish these group headers from data rows, 1317

leading to a flat and misaligned structure that im- 1318

paired readability and accuracy (Figure 16a). 1319
1320

Issues Identified: 1321
1. Inconsistent Entity Structure in Rows: The table alternates between 1322

headers (e.g., "UE:", "Genco:", "CILCO (AERG):", etc.) and data 1323
rows without clear separation or alignment. These headers are not 1324
properly distinguished from the data rows, making it difficult to 1325
interpret the table structure. 1326

2. Misalignment of Headers and Data: The headers (e.g., "UE:", "Genco:", 1327
etc.) are placed in the same column as the data, which disrupts 1328
the logical flow of the table. Headers should ideally be 1329
separated or visually distinct from the data rows. 1330

3. Inconsistent Formatting of Values: Some values include a dollar sign 1331
(e.g., "$1.399"), while others do not (e.g., "0.490"). This 1332
inconsistency can confuse readers and should be standardized. 1333

4. Missing Column Headers for Subsections: Subsections like "UE:", 1334
"Genco:", "CILCO (AERG):", etc., do not have their own column 1335
headers, making it unclear what these sections represent. This 1336
lack of clarity affects the readability of the table. 1337

5. Ambiguity in Weighted Average Rows: Rows labeled "Weighted average - 1338
all fuels(c)" appear multiple times under different subsections, 1339
but it is unclear whether these averages are specific to the 1340
subsection or represent a global average. This ambiguity should 1341
be clarified. 1342

6. Rule-Based Signals: The flagged rule-based signals highlight 1343
potential type inconsistencies in various cells. While these 1344
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(a) Ground Truth (b) NeuroSymbolic (hierarchy preserved)

Figure 16: Comparison of outputs with NeuroSymbolic feedback vs LLM-only feedback.

signals are not always accurate, they point to areas where the1345
table's structure may be inconsistent or unclear.1346

Proposed Fixes:1347
To address these issues, the table should be reorganized to ensure1348

structural clarity while preserving the original content and1349
formatting. Below are the steps to fix the table:1350

1. Separate Headers from Data Rows: Move subsection headers (e.g.,1351
"UE:", "Genco:", etc.) into a dedicated column to distinguish1352
them from the data rows.1353

2. Standardize Formatting of Values: Ensure all monetary values1354
consistently include a dollar sign (e.g., "$0.490" instead of1355
"0.490").1356

3. Clarify Subsection Context: Add a column for subsection names (e.g.,1357
"UE", "Genco", etc.) to make it clear which subsection each row1358
belongs to.1359

4. Align Data Rows Under Correct Headers: Ensure that all data rows are1360
properly aligned under the correct year columns (2007, 2006,1361
2005).13621363

Listing 2: LLM-Only Feedback Flattened the Hierarchy
and Suggested Column Reorganization

The LLM-only feedback attempted to regular-1364

ize this structure by converting subsection labels1365

into a Subsection column and fuel types into a Fuel1366

Type column (Figure 17). While this improved1367

visual uniformity, it fundamentally altered the ta-1368

ble’s schema—flattening the hierarchy, duplicating 1369

fuel type rows, and disconnecting values from their 1370

group context. As a result, this version exhibited 1371

lower structural fidelity, despite being more read- 1372

able. 1373

1374
Critique: The table extracted from the noisy text has several structural 1375

issues that need to be addressed for clarity and consistency. 1376
Here are the identified issues and suggestions for fixing them: 1377

1. Entity Structure Consistency: The rule-based signals correctly 1378
identify rows where the entity structure is inconsistent. The 1379
table mixes headers and data rows without clear separation, which 1380
can confuse the reader. For example, "Ameren:" and "Missouri 1381
Regulated:" are headers that should be clearly distinguished from 1382
the data rows. 1383

2. Header and Subheader Alignment: The headers such as "Ameren:", 1384
"Missouri Regulated:", "UE:", "Non-rate-regulated Generation:", 1385
"Genco:", "CILCO (AERG):", and "EEI:" should be aligned properly 1386
to indicate they are categories or subcategories. This can be 1387
achieved by placing them in a separate column or using 1388
indentation to visually separate them from the data rows. 1389

3. Column Consistency: The table should maintain consistent column 1390
headers across all rows. The main header "Cost of Fuels(Dollars 1391
per million Btus) | 2007 | 2006 | 2005" should be clearly 1392
separated from the data rows, and each data row should align 1393
under these headers. 1394

4. Visual Clarity: The table lacks visual clarity due to the mixing of 1395
headers and data. To improve this, headers should be bolded or 1396
separated by lines to distinguish them from the data rows. 1397
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Figure 17: LLM-only (flattened structure)

5. Grouping of Related Data: The data related to each entity (e.g.,1398
Ameren, UE, Genco) should be grouped together to maintain logical1399
flow. This can be done by ensuring that all rows related to a1400
specific entity are contiguous and clearly marked.1401

6. Signature Mismatch: The signals indicate type inconsistencies, likely1402
due to the mixing of headers and data. Ensuring that headers are1403
not treated as data rows will resolve these mismatches.1404

To fix these issues, the table should be restructured to clearly1405
separate headers from data rows, maintain consistent column1406
alignment, and visually group related data. This will enhance1407
semantic and visual clarity without altering the original text1408
content.14091410

Listing 3: NeuroSymbolic Feedback Identified Header
Misalignment and Preserved Hierarchical Grouping

In contrast, the NeuroSymbolic feedback cor-1411

rectly preserved group headers as distinct non-1412

data rows, maintained value alignment under year1413

columns, and reduced hallucination (Figure 16).1414

The regenerated table was semantically faithful to1415

the original intent and achieved better alignment1416

with the ground truth, even though minor differ-1417

ences in formatting remained.1418
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Figure 18: Example of a real-world financial table from an annual report (Mercury EV – Tech Ltd., 2024) from
FinRecon20 dataset. This balance sheet exhibits several structural challenges relevant to table explicitization,
including hierarchical row groupings, multi-line labels, and alignment-dependent value placement.

I Qualitative Analysis of TEN’s Output 1419

This example demonstrates the table extraction and explicitization capability of TEN using a real-world 1420

financial balance sheet from Mercury EV-Tech Ltd. (Annual Report, 2024), taken from the FinReCon20 1421

dataset. Figure 18 illustrates the original balance sheet from the financial document, exhibiting several 1422

structural complexities such as hierarchical row groupings (Assets and Liabilities), multi-line textual 1423

labels (e.g., “Property, Plant and Equipment”), and numerical values whose meaning is dependent on 1424

alignment and indentation. 1425

I.1 Example 1 1426

1427
Particulars Note As at As at\r\nNo. March 31,2024 March 31,2023\r\nA ASSETS\r\nNon-Current Assets\r\n(a) Property, Plant and Equipment 3 513.49 1428

211.06\r\n(b) Capital Work-in-Progress 3.1 2,847.30 871.88\r\n(c) Other Intangible Assets 3.2 9.15 -\r\n(d) Financial Assets\r\n(i) 1429
Investments in Subsidiary 4 2.00 1.80\r\n(ii) Loans 5 183.46 53.72\r\n(iii) Trade Receivables 6 - 11.60\r\n(e) Other Non Current Assets 7 1430
1,474.54 94.01\r\nCurrent Assets\r\n(a) Inventories 8 483.99 600.89\r\n(b) Financial Assets\r\n(i) Trade Receivables 9 1,342.25 647.63\r\n(ii) 1431
Cash and Cash Equivalents 10 86.83 897.53\r\n(iii) Loans 11 3,622.57 3,554.96\r\n(c) Other Current Assets 12 1,040.16 625.49\r\nTotal Assets 1432
11,605.75 7,570.58\r\nEQUITY AND LIABILITIES\r\nEquity\r\n(a) Equity Share capital 13 1,755.47 1,668.67\r\n(b) Other Equity 14 6,288.22 1433
3,295.44\r\nTotal equity attributable to equity holders of the Company 8,043.69 4,964.11\r\nLIABILITIES\r\nNon-Current Liabilities\r\n(a) 1434
Financial Liabilities\r\n(i) Borrowings 15 2,307.82 2,214.99\r\n(ii) Other Financial Liabilities 16 0.25 0.85\r\n(b) Deferred Tax Liabilities 1435
(Net) 17 12.90 3.66\r\nCurrent Liabilities\r\n(a) Financial Liabilities\r\n(i) Borrowings 18 201.30 14.43\r\n(ii) Trade Payables 19 556.20 1436
294.25\r\n(iii) Other Financial Liabilities 20 - 33.18\r\n(b) Other Current Liabilities 21 388.67 19.13\r\n(c) Provisions 22 14.63 7.67\r\n(d) 1437
Current Tax Liabilities (Net) 23 80.28 18.30\r\nTotal Liabilities 3,562.05 2,606.47\r\nTotal Equity and Liabilities 11,605.75 1438
7,570.58\r\nSummary of Significant Accounting Policies 1 & 2 14391440

Listing 4: Input text to TEN: a structurally ambiguous table representation resulting from manual copy-pasting from
a financial report. This serves as the source for table explicitization.

Listing 4 provides the raw, structurally ambiguous input text that results from a typical manual copy- 1441

paste operation from the PDF document. Notice that the hierarchical relationships and structural semantics 1442

of the table are lost due to flattening, inconsistent spacing, and disrupted formatting. Such ambiguities pose 1443

significant challenges for traditional extraction methods relying solely on visual layout cues. Figure 19 1444
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presents the output produced by TEN. The system successfully reconstructs the table structure, accurately1445

identifying and restoring:1446

• Multi-level hierarchical relationships (e.g., clearly distinguishing between Non-Current and Current1447

Assets and Liabilities).1448

• Complex, multi-line row labels, correctly segmented and aligned.1449

• Numerical value placements matching the original structural semantics of the balance sheet.1450

This demonstrates the effectiveness of TEN in recovering structured representations from highly1451

ambiguous, flattened textual inputs, significantly reducing manual table-reconstruction effort for end-1452

users.1453

I.2 Example 21454

This example showcases the reconstruction performance of TEN on a challenging, multi-segment revenue1455

breakdown table from a corporate annual report. The ground-truth table (Figure 20) captures revenues1456

segmented geographically (Americas, Europe, Asia Pacific) and by business solutions (Merchant, Issuer,1457

Consumer Solutions) across three consecutive financial years (2020–2022).1458

Listing 5 illustrates the unstructured, copy-pasted input provided to TEN. The flattened textual repre-1459

sentation lacks clear delineation of headers, rows, and hierarchical relationships, creating ambiguity for1460

structural recovery.1461
1462

YearEndedDecember31,2022\r\n MerchantSolutions\r\n Issuer\r\n Solutions ConsumerSolutions\r\n Intersegment\r\n Eliminations Total\r\n1463
(inthousands)\r\n Americas $5,236,728 $1,739,620 $620,482 $(58,916) $7,537,914\r\n Europe 720,660 469,412 - - 1,190,072\r\n AsiaPacific 247,5291464
36,591 - (36,591) 247,529\r\n $6,204,917 $2,245,623 $620,482 $(95,507) $8,975,515\r\n YearEndedDecember31,2021\r\n MerchantSolutions\r\n1465
Issuer\r\n Solutions ConsumerSolutions\r\n Intersegment\r\n Eliminations Total\r\n (inthousands)\r\n Americas $4,735,505 $1,644,765 $783,6251466
$(65,781) $7,098,114\r\n Europe 684,760 495,597 - - 1,180,357\r\n AsiaPacific 245,292 25,385 - (25,386) 245,291\r\n $5,665,557 $2,165,7471467
$783,625 $(91,167) $8,523,762\r\n YearEndedDecember31,2020\r\n MerchantSolutions\r\n Issuer\r\n Solutions ConsumerSolutions\r\n Intersegment\r\n1468
Eliminations Total\r\n (inthousands)\r\n Americas $3,948,643 $1,601,118 $747,886 $(64,308) $6,233,339\r\n Europe 539,838 450,529 - - 990,367\r\n1469
AsiaPacific 199,854 9,725 - (9,727) 199,852\r\n $4,688,335 $2,061,372 $747,886 $(74,035) $7,423,558\r\n14701471

Listing 5: Unstructured input from multi-segment revenue breakdown table, used as input to TEN

The resulting structured table generated by TEN is presented in Figure 21. Notably, TEN successfully:1472

• Preserves the core temporal structure, clearly segmenting data by year.1473

• Maintains geographic and business segment distinctions, correctly recovering the hierarchical table1474

layout.1475

• Accurately recovers and aligns numerical values in the majority of cases.1476

• Appropriately isolates and separates the distribution channel breakdown, maintaining its distinction1477

from the main revenue segment.1478

However, two primary reconstruction issues emerge:1479

1. Hallucinated text entries (highlighted in red): TEN introduces textual content not present in the1480

source input, reflecting challenges in fully resolving ambiguous textual labels.1481

2. Misalignment of numerical values (highlighted in orange): Certain numerical data entries are in-1482

correctly positioned, resulting in mismatches with their respective column headers or row categories.1483

I.3 Example 31484

This example illustrates the performance of TEN on reconstructing a structurally intricate multi-year1485

financial performance report extracted from a corporate financial statement. The original table (Figure1486

22) captures detailed financial metrics, including average balances, interest earned, and yield rates across1487

multiple asset and liability classes spanning three consecutive years (2021–2023). Notable complexities1488

in this table include:1489
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Figure 19: Structured balance sheet generated by the TEN from unstructured copy-paste input. TEN accurately
recovers multi-level headings, financial hierarchies, and aligned numerical values, closely matching the original
document layout.
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Figure 20: Ground truth table of segment-wise revenues by geography and product line, extracted from a corporate
annual report. The table spans three years (2020–2022) and contains five financial dimensions: Merchant Solutions,
Issuer Solutions, Consumer Solutions, Intersegment Eliminations, and Totals. Complexities include repeated
multi-level headers, hierarchical geographies, and negative values, all of which challenge structure recovery in
copy-pasted representations.
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Figure 21: Table generated by TEN. TEN successfully preserved the core hierarchical structure with three distinct
temporal sections and maintained geographic segmentation across most business segments. TEN is also able to
preserve numerical data across the majority of cells and successful separation of the distribution channel breakdown
table as a distinct section. However, there are also some text-based reconstruction issues: (1) hallucinated text entries
(highlighted in red) where TEN introduced content not present in the original document, and (2) misalignment issues
(highlighted in light orange) where data values from the source were incorrectly positioned, resulting in values
being associated with wrong column headers or row categories.
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• Multi-level column headers, with repeated labels for each year (e.g.,“Average Balance”, “Interest”,1490

“Yield”).1491

• Nested row labels categorizing financial elements such as assets, liabilities, and equity.1492

• Numerical values in varying formats, including percentages, currency, and absolute figures.1493

Listing 6 shows the raw, structurally ambiguous textual input provided to TEN. This flattened textual1494

representation features challenges such as inconsistent whitespace, merged and misaligned columns, and1495

disrupted multi-line headers, representing typical copy-paste noise encountered in practice.1496

The structured table generated by TEN (Figure 23) demonstrates significant capability in:1497

• Accurately reconstructing the overall table layout, successfully segmenting yearly data and maintain-1498

ing clear distinctions between asset and liability categories.1499

• Preserving hierarchical header structures and correctly associating most numerical values with their1500

corresponding financial dimensions.1501

However, this example also highlights specific reconstruction errors:1502

1. Hallucinated numerical values (highlighted in red): TEN incorrectly introduces numeric data1503

absent from the original source, indicating difficulties in interpreting ambiguous textual inputs.1504

2. Misaligned numerical values (highlighted in yellow): Although the data values themselves are1505

correctly extracted from the source, they are occasionally misplaced into incorrect cells due to1506

confusion between repeated sub-headers or loss of spatial alignment cues inherent in the original1507

visual representation.1508

These observations underscore existing limitations of TEN when reconstructing structurally complex1509

tables relying exclusively on noisy textual inputs without visual formatting cues.1510
1511

Year Ended December 31, 2023 Year Ended December 31, 2022 Year Ended December 31, 2021 \r\n Average Interest Average Interest Average Interest \r\n1512
Daily and Yield/ Daily and Yield/ Daily and Yield/ \r\n Balance Dividends Cost(4) Balance Dividends Cost(4) Balance Dividends Cost(4) \r\n1513
(Dollars in Thousands) \r\nAssets: \r\nInterest earning assets: \r\nInvestment securities $ 328,533 $ 11,376 3.46% $ 336,779 $ 8,579 2.55% $1514
215,978 $ 4,238 1.96% \r\nFHLB and FRB stock 12,851 727 5.66 6,369 302 4.74 4,831 255 5.28 \r\nLoans receivable(1) 1,436,672 79,423 5.531515
1,194,788 60,353 5.05 914,804 45,134 4.93 \r\nOther earning assets 2,671 89 3.33 34,170 228 0.67 74,102 120 0.16 \r\nTotal interest earning1516
assets 1,780,727 91,615 5.14 1,572,106 69,462 4.42 1,209,715 49,747 4.11 \r\nNoninterest earning assets 234,859 196,813 147,534 \r\nTotal assets1517
$2,015,586 $1,768,919 $1,357,249 \r\n \r\nLiabilities and equity: \r\nInterest-bearing liabilities: \r\nDeposit accounts: \r\nChecking $ 237,0061518
$ 595 0.25% $ 244,208 $ 173 0.07% $ 190,645 $ 47 0.02% \r\nSavings 238,695 146 0.06 269,033 128 0.05 198,648 117 0.06 \r\nMoney market 331,1991519
5,548 1.68 358,122 1,711 0.48 244,113 545 0.22 \r\nCertificates of deposit 357,573 11,568 3.24 188,954 1,112 0.59 158,959 765 0.48 \r\nFHLB1520
advances and other borrowings 159,667 8,562 5.36 14,627 514 3.51 9,411 175 1.86 \r\nOther long-term debt 58,930 2,719 4.61 59,807 2,512 4.21521
29,834 1,558 5.22 \r\nTotal interest-bearing liabilities 1,383,070 29,138 2.11 1,134,751 6,150 0.54 831,610 3,207 0.39 \r\nNoninterest checking1522
439,388 453,841 346,243 \r\nOther noninterest-bearing liabilities 34,321 24,672 22,382 \r\nTotal liabilities 1,856,779 1,613,264 1,200,235 \r\n1523
\r\nTotal equity 158,807 155,655 157,014 \r\n \r\nTotal liabilities and equity $2,015,586 $1,768,919 $1,357,249 \r\nNet interest income/interest1524
rate spread(2) $ 62,477 3.04% $ 63,312 3.88% $ 46,540 3.72% \r\n \r\nNet interest margin(3) 3.51% 4.03% 3.85% \r\nTotal interest earning assets1525
to interest\r\nbearing liabilities 128.75% 138.54% 145.47%15261527

Listing 6: Input text to TEN: a structurally ambiguous table representation resulting from manual copy-pasting
from a financial report. This unstructured text contains noise such as misaligned columns, merged headings, and
inconsistent whitespace, and serves as the input for table explicitization.
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Figure 22: The table presents a multi-year financial performance report, including average balances, interest earned,
and yields across assets and liabilities. The original table has multi-level column headers and repeated metrics
across years.
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Figure 23: Table generated by TEN. Despite the structural intricacy of the table, featuring nested header rows,
label repetitions across columns, and varying numerical formats, TEN is able to successfully reconstruct the overall
layout and preserve the majority of header hierarchies and cell alignments with high fidelity. Cells shaded in light
red represent hallucinated values, which were not present in the ground truth but were incorrectly introduced and
yellow cells indicate misaligned values, where content was correctly extracted but inserted into an incorrect row or
column, typically due to confusion between repeated sub-headers. These errors highlight current limitations of TEN
in aligning hierarchical headers and preserving structural context, especially when operating solely on text extracted
via copy-paste. In such scenarios, visual layout cues such as merged cells, indentation, and spacing are lost, making
it difficult for language models to infer correct associations between headers and values.
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